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Abstract—In the daily work of network operators, some  could be left unguaranteed. A typical problem raised by
traffic engineering tasks are often encountered, e.g., to eate  network operators is to ensure physical disjoint pathster t
new logical links over the physical layer considering the —, qiaction of important services in a multi-layer settifibis

efficient utilization of network resources; to establish nev -
end-to-end paths across the network with minimum cost in problem and our solution based on a two-layer reference

order to support emerging data transfer services; to instdl ~model will be extensively discussed in this paper.

physical disjoint paths for some critical services where falt A great number of researches have been carried out on
tolerance is desired, etc. Since these tasks are by nature multi-layer optimization problems, typical works inclue
interrelated, we propose an integrated optimization framevork [1][2][3] in which multi-layer problems are implicitly dis

to solve them as a unified planning problem. Both an Integer .
Linear Programming model and a Simulated Annealing based cussed in the background of WDM networks, and [4][5]

optimization method are discussed in this paper. Because Where general purpose multi-layer planning models are
optimization in multi-layer networks is known to be much suggested. One common conclusion is that multi-layer opti-
more complicated than that in a single layer, special care h&  mization is much more complicated than single layer ones,
been taken in our model to alleviate the scalability problem and to strictly model multi-layer data structures may resul

The framework has been implemented as a commercial tool in orohibitive scale when dealing with practical problemms
for traffic planning. The numerical tests have shown that the In pronhidrivi w Ing with p icalp :

corresponding tasks in real scale network can be efficiently thiS paper, we propose an approach which reduces the multi-

handled. layer model as much as possible into a single layer one. We
Keywords-Physical Disjoint; SRLG; Traffic Engineering; will fo_rmulate a core TE model for_ 'Fhe stand_ard single layer
ILP; Simulated Anealing planning problem, where the critical multi-layer features
appear as extra constraints, and the non-critical featnes
|. INTRODUCTION shifted into heuristic algorithms executed before or atter

One of the major challenges in short term network man-main TE process.
agement is to establish a number of new end-to-end paths The rest of the paper is organized as follows. Section
with dedicated resource assignment for the emerging réquel introduces the problem settings and the Integer Linear
of data transfer services, using the currently availablesp Programming (ILP) formulation of our Traffic Engineering
resources in the network. A network operator usually doesnodel. In Section 1ll, a greedy planning method and its
not handle each service directly. Instead, a fixed path wittfextension to a Simulated Annealing (SA) based method are
a bulk of bandwidth allocated at each hop is providedpresented as alternative heuristic solutions. Some nealeri
to an aggregation of individual data transfer services withresults in solving the ILP and the heuristic models for a test
some common properties, e.g., same source and destinatisgtenario are presented in Section IV. The conclusions are
similar QoS requests, and same protection mechanism. Frogiven in the last part.
the qperator’s point of view, the aggregation of services is Il. THE PROBLEM DEFINITION AND THE ILP MODEL
considered as an abstra¢mandto be routed across the )
network. A. Problem Setting

The state of the art solution is to calculate a minimum- Let's consider the task to route a set of end-to-end
cost solution at the moment for each upcoming demandlemands (with given resource requests) across a network
using a shortest path algorithm. However, such a greedglescribed by a grap&'(/N, E), whereN is the set of nodes
approach is known to be sub-optimum in case of multipleandE is the set of links. The objective is to find a minimum-
demands, because the demands are interrelated due to st solution where all constraints are held. Without loss
competition for common network resources. The situatiorof generality, our multi-layer network model is defined by
becomes even more complicated when multiple networKollowing properties:
layers are taken into consideration. In practical solvipg a 1) There are two layers in the network, physi-

proaches nowadays, the consideration of inter-layeriogisat cal layer Gpnys(Nphys, Epnys) and logical layer

is mostly intuitive or based on personal experiences of the Glog(Niog, Elog). Since logical nodes are a subset of
planner. This may result in worse solutions than planning in physical nodesy{ioq C Npnys), we defineNypys =

a single layer only. Furthermore, some critical user retpues N;
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2) The logical layer occupies a part of the physicaloff from our optimization model without compromising the
resources. Therefore, there are some remaining freeptimality. Here, we consider the spare resources also as
resources at both physical and logical layer. abstract and no longer differentiate between physical and

3) Free resources in the logical layer can be directly usedbgical links that can eventually be used to support demands
to route an end-to-end demand, while free resources
in the physical layer must be converted into logical
links before being used to route any demand.

4) The routing of each logical link in the physical layer
is known; new logical links can be arbitrarily created
when there are enough resources in each of its physical
hops.

5) The settings of all existing logical links and routed
demands remain constant. The capacity of logical:
links, as well as the routing of demands and logical
links cannot be changed. ‘

<~ end-to—end demand
—— logical link
— physical link

- — . abstract link (from logical link)
----. abstract link (from physical link)

Note that the last property originates from the practical &{7 \7_
request of the network operators. The purpose of this censer 4
vative constraint is to make sure that no active servicekicou
be disturbed due to the accommodation of new demands.a_ The multi-layer netwok b. The merged network

Consider another extreme case: Free reconfiguration of all

logical links is allowed. In this case, we can setup an Figure 1. Merge of the physical and logical layer
analytical model where all free resources in logical links

are returned to the corresponding links at the physicallaye

After this step, all logical links can be safely removed Note that both Eq.1 and Fig.1 are missing the information
from the graph since they can no longer influence theof the routing of logical links over physical links, which
routing decisions. Finally, the optimization will be caui must be specially modeled.

out in a topology identical to the physical network, and thus Following the requests of network operators, we define 2
becomes equivalent to a single layer TE problem. After thgypes of end-to-end demands:

optimization, we only have to modify the related logical 1) Type 1 (0,): requiring a single end-to-end path with

links in the original network according to the solution. Wit dedicated resource allocation.

this approach, the sub-optimality of resource utilizatitue 2) Type 2 (D,): requiring a pair of physical disjoint end-
to the "bundle effect” is not an issue, and may therefore  to-end paths with dedicated resource allocation along
result in better resource effectiveness than our definition both paths, so that any single failure in the physical
above. But, such kind of solution may require a large number layer can be tolerated.

of reconfigurations, which is a tedious task and in many,
cases a major source of error.

In the following part of this paper, we will focus on our
problem setting with the properties presented above, in
network G defined as follows.

he objective of the optimization is to find a routing solatio
for each demand, while the link load does not exceed
the limit of the available capacity, and the cost due to
Pesource consumption is minimized. In our planning model,
all available free resources at any layer become resounces i
G = Gphys UGlog = G(Nphys U Niog, Epnys U Erog)  the abstract links of the merged network, based on which a
G(N,E U Eog) traffic engineering algorithm is carried out. Eventuallye t
y phys log . . . . . .

creation of logical links is accomplished according to the

results of the optimized routing of demands.

G(N, E), E = Ephys U Elog (1)

This equation explains our attempt to convert most multi- ,
layer optimization features into a single layer model, asS- The Routing of Demands
shown in Fig.1. Both logical and physical links in Fig.1a In order to establish an end-to-end connection for type 1
which have spare resources at the moment are represent¢ddmand, a set of flow continuity equations are established.
by anabstractlink in Fig.1b, with capacities equal to their We define a set of binary variables:

spare resources. In the real operation, spare resources on . .
P P P { 1 if demandd € D, traverses linke

a physical link must be organized into logical link(s) to z;(i,e) = 0 otherwise (2)

be eligible for the routing of demands. However, since
the operation of creating a new logical link on a selected Assumeu,v € N are the end nodes of demandand
physical segment is not an optimization issue, it is takere(m,n) denotes a directional link from nodem to n, then
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the flow continuity constraint is as follows: l.e., because cables can be placed in the same bundle or
same duct, a single event that destroys one cable should
. . 2! . ; .
Ou,j + Z wi(ie) = Z w1(i,€') + v, Vi € N gi50 destroy all others in the same place.
e(m.j)eE ¢ GmeE Considering both cases in the optimization model, a
P — { 1 ifa=b 3)preprocess before running the main optimization is require
a H - . -
0 otherwise firstly, an analysis should be made to find out all such

Eq.3 means that the traffic entering any ngaeust be equal bundles/ducts, referrgd to asriak areg then therouting
to that leaving the node, with the exception at the source antglated groupstraversing the same risk area are merged to
destination nodes of the demand. become an SRLG. Note that any standalone physical link
For type 2 demands, the flow continuity equations ardS considered as an SRLG with only one physical link.
in princip'e the same. Here, a pair of d|SJO|nt paths forW|th this mOdel, the physical d|S]0|nt constraint in a multi
each demand is required. We will show that the physicalayer problem is converted to the equivalent condition in
disjointness in the multi-layer model can be well modeledthe merged single-layer network: the two paths of a type 2
by disjoint conditions of nodes and Shared Risk Link Groupsiemand should not traverse the same SRLG.
(SRLG) [8][9][10] in the layer-merged model. To establish a pair of paths for every type 2 demand, we
While node disjoint condition is obvious, #W?LG may define a similar binary decision variable as Eq.2:
origingte from two cases ina mult@-laye.r network. The first 1 the pth path ofd(c D») traverses:
case is due to the routing of logical links over the sametz(i,e,p) = { 0 otherwise
physical link, as shown in Fig.2a. A single event which e {1,2) @)
destroys the physical linl, will also destroy logical link p ’
P, and P,. Since they share the risk of the same eventUnder this definition, the flow continuity condition is very
we state that the set of link§L, P;, P} forms a shared similar Eq.3, with the same equation set for every {1, 2},
risk link groupS. Consider disjoint paths calculation: If one while the SRLG disjointness of the paths is guaranteed by
path traverses one of the links in a risk group, the other patlEq.5:
should avoid taking any of the links in the same group. Given , o,
the routing of all logical links, we can find as many risk w2(i,e,p) +22(1, ¢, p') < 1 ®)
groups as the number of physical links in the network, each Vi€ D,Vp,p' € {1,2},p# p/,Ve, e’ € S, VS
containing a physical link and all the logical links routed
over it. These groups can be obtained by a deterministi%
analysis process, denoted rasiting related groups 2

The above constraint means thats(i,e,p) and
(i,e’,p’) cannot both bel, which implies the path
p and p’ of the demand; must not traverse links in the
o L Dmmmmm a, same SRLGS. However, Eq.5 does not check disjointness
~~ ~Demand T T of paths at each nodes. The following two equations
“o ensures node disjointness, where the variablé n, p)
\ / tracks the intermediate nodes of a path (see Eq.6), and the
0 Logical node-disjointness constraint (see Eq.7) is similar to Eq.5

Layer

In graph theory u(i,n,p) is binary,, Vi€ Dy,n € N,pe€ [1,K]
a Q x2(i,e(m,n),p) < u(i,n,p), Vi € Da,e € E,p € [1, K]
Physical n is not an end node of (6)
layer © ‘ ‘ ' Z u(i,n,p) <1, Vi € Da,n€e N @)
o 8 pe{1,2}
In real layout Note that the SRLG and node-disjointness equations dis-

cussed in this section are not restricted to a pair of disjoin

-------- Path 1
— path2 .. SRLG paths, the formulation can be naturally extended to khe
disjoint paths model.
a. Non—disjoint due to routing b. Non—disjoint due to cable layol
of logical links C. Other Constraints and the Optimization Objective

1) Link utilization: Link utilization should not exceed
capacity, whereR(¢) is the resource required by demand

- ,andC indicates the spare capacity at link
The second case originates from cable layout. As shown ap(e) P pacity

in Fig.2b, although a pair of disjoint paths can be calculate Z x1(i1,e) - R(i) + Z x2(ig, e,p) - R(iz)
it may still be risky due to the layout of the physical links. i1€Dy i2€D2,pe{1,2}

Figure 2. Situations of non-disjoint paths
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< Cap(e), Ve e E (8) Z u(i,n,p) < 14ey(i,n),... (13)

. . . . 1,2
2) Objective: As in standard TE problems, we wish _ p_e{ ’ _ o .
to minimize the total cost to support the demands. Let Inthe objective function, we set that each violation brings
Price(i,e) indicate the cost of demand taking a unit an extra punishment cost in addition to the regular cost.

of resource at linke, then the objective function can be Therefore, the optimization of minimizing the objectivenca
formulated as: proceed in the direction of reducing violations too. The
formulation is as follows:
Minimizing : Cost

Clost — Z w1(in,e) - R(i) - Price(in, ¢) + Minimizing : Cost + CostT

i €Dy cEE Cost = ... (as defined in Eq.9)
Z x2(ia,e,p) - R(i) - Price(ia,e) (9) CostT' = Z (1 —ex(i)) - Cex(d)
i2€D3,e€E,pe{1,2} t€D1UD;
With this optimization objective and all above constraints + Z [Z es(i k) - Ces(i, k)
the default model to solve the TE problem has been estab- i€Ds tkes
lished. It is a linear problem and can be solved by an LP . .
solver. Since we have made no compromise on any feature, + Z;ven(%m ' Ce"(l’”)] (14)
ne

the optimum solution of the problem can be obtained.
3) Relaxations:For the default model, all the constraints  1he values ofC.,, C.s and Ce,, are very critical to
hold strictly. If there are any violations, e.g., the networ the result of the optimization. The relationship between
resource is not sufficient to support all demands, or a pai];hese punishment costs indicates the tradeoffs amongasever
of strictly disjoint paths does not exist for some type o factors: to support more demands, to save cost, as well as to
demands, the result of the optimization will be "infeasible reéduce the amount of rule violation. In our model, we have
Practically, a planner may wish to know more. One of theMade the clear setting:
prical FAQ is: We knqw it _is hard to keep aII. constrair?ts, but Cou = Cop > Cup > Cost (15)
if we tolerate some violations, what can still be achieved?
Here we discuss two kinds of tolerances. The first one ig1ere, Cost is the regular cost due to resource utilization.
to allow some demands eventually be left unrouted. Defind his setting implies that respecting the disjoint conditio
a binary variable, (i) as in Eq.10, and a punishment cost is most important. If we se€’.; and Ce,, to In finite, or

C.. (i) to indicate the increment of total cost if demand remove the tolerance terms in Eq.12 and Eq.13, then no
cannot be routed. violation is allowed. Under this principle, a decision wihic

can accommodate more demands is always better than any
(10)  other solution with less regular cost but also less demands

being routed.

ea(i) = 1 if demand: is routed
’ 0 otherwise

Now, the flow continuity condition (Eq.3) should be

slightly modified, so that the incoming/outgoing traffic is n IIIl. THE SIMULATED ANNEALING (SA) MODEL AS
longer guaranteed to bieat the end nodes of each demand. ALTERNATIVE SOLUTION
Instead, it depends on the value «f(¢): In the previous section, we have modeled every feature of
) C the optimization problem as an ILP. Therefore, theordiical
Oiu,j + Z zi(i,e) = Z 1(1,€) + 00,5, the optimum solution can always be obtained. However, the
e(m.j)€E ()€l disjoint routing problem with SRLG constraints is proved
Vi _ _ { ex(i) fa=0 to be NP-complete [9], and our numerical results that will
J € N7 61.a.b - . (1 ) . . . . .
T 0 otherwise be introduced in the next section also tend to confirm this

The other tolerance is related to the physical disjointnesg®fOPerty. As an alternative, we introduce our basic greedy
We define two integer variables; (i, ) indicates that the algorithm for the same planning problem; then, the greedy

paths of demand traverse the same SRLS, ande,, (i, n) algorithm is ta}ken as the core elgment of a meta heuristic
indicates the paths of demardraverse the same node ~ Medel, for which we chose the Simulated Annealing (SA)
both taking O for no violation and positive integer values MOdel. Since it aims at searching for a satisfactory SF"‘_”“O
for so many times of violation. Besides, punishment costd@ther than the optimum one, the SA approach can efficiently
C..(i, k) andC.,, (i, n) represent the increment of cost when avoid the difficulties of an NP-complete problem.

these kinds of violation happen. We need to modify thep The greedy algorithm

SRLG and node disjoint constraints (Eq.5, 7) as follows: As discussed in the introduction, a straightforward solu-

xo(i,e,p) + x2(i, ', p') < 1+e4(i,59),... (12) tion to plan multiple demands in a network is to route all
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demands sequentially. This is a fully deterministic preces of RSG can be obtained in the same calculation time. Here,
which can be expressed by the pseudo code of Algorithm lwe present our model with simulated annealing which helps
to decide on a suitable sequence for GTA. The pseudo code

Algorithm 1 Greedy TE Algorithm (GTA)

is shown in Algorithm.2.

Given a fixed sequencg of demandsD(i),i = 1..Ng

Algorithm 2 Simulated Annealing based TE

for i =1 to Ng do
for each linki in the networkdo
if | has sufficient resource to accommodddéi)
then
set the cost of as its cost forD(i)
else
set the cost of as Infinite
end if
end for
calculate a minimum-cost solutiofl(z) for D(7)
if sol(i) existsthen
recordsol(z) in the solution setSol
for each linkl in sol(i) do

Start with a current sequenc¢eand costC «— GT A(S)
Sbest — Sl Obest —C
for resetround = 0 to R do

S — Sbestl C Cbest

for schedulestep =1 to N do

sequences’ «— neighbor(S)
C' — GTA(S")
if ¢’ < C then
Sbest — S/l Obest —
end if
the current temperaturte— 7'(7)
if Pirans(C,C",t)) > random() then

S5, C«C
add the cost of to costC end if
update resource utilization &t end for
end for end for
else

Return Syes; and Chest

record no solution foD(z) in Sol
add the punishment cost t0
end if
end for
Return the solution sefol and costC'

1)

Here, if D(4) is type 2, then a pair of paths with minimum
cost sum should be calculated. If the SRLG condition is 2)
not considered, know methods like Suurballe’s algorithm
[6][7] can guarantee the optimum solution. To the best of our
knowledge, no heuristic algorithm has been found to be able
to guarantee a minimum cost SRLG-disjoint solution. In our 3)
greedy algorithm, th&rap avoidancealgorithm suggested by
the authors of [10] is used.

B. The simulated annealing algorithm

Because each shortest path is adaptively calculated ac-
cording to the available network resources at the moment,
the above greedy method is to some extent optimized. The 4)
quality of the solution is generally better than the intuti
solution of a human planner. An open issue is that GTA (Al-
gorithm 1) depends on a given sequence of demands. With
a different sequence, a different set of paths and different
overall cost will be obtained. A simple method to take care
of the observation is to repeat the same operation: Randomly 5)
modify the sequence, and call GTA; the best solution that
occurs in this process is taken as the final solution. We refer
to this method afkandom Solution Generation (RSG)

However, according to our tests, if we combine GTA
with some well-known meta heuristics, solutions with bette
quality (more demands accommodated, less cost) than that

Copyright (c) IARIA, 2010 ISBN: 978-1-61208-105-2

The major functions in the algorithm are:

The function GT'A(S) is the greedy method
Algorithm.1 with the given demand sequengeThe
costC of its solution is then passed to the simulated
annealing process.

The SA algorithm will reset forR times. At the
beginning of each reset, the current state is set to the
best solution obtained so far, i.e., the sequence which
brings the lowest overall cost.

The functionneighbor(S) is designed to move a
fraction of randomly chosen demands in the sequence
to the front of the modified sequence. Therefore, the
new sequences’ is similar to the originalS, and
theoretically the whole solution space can be explored
by this operation without preference of any specific
pattern.

There will beN steps till the temperature drops from
the initial 7},,,, to 0. The functionT'(:) controlling

the temperature dropping according to the tiines
referred to as &ooling scheduleHere, an exponential
scheduleT (i) = a'Tpas,0 < a < 1 is chosen based
on our tests.

If a neighbor state” is better (with lower cost) than

its original stateS, then a state transition t68” will
definitely take place. Whef’ is worse tharf, the key
idea ofsimulated annealings to allow the transition
according to probability, so that the searching process
may have chances to let the current state move out
from thelocal optima The probability of a transition
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to a worse state is reduced with the dropping of tem-slightly hit the bottleneck of network resources, i.e.: et
perature, therefore the state tends to stabilize aroungolution obtained by simulated annealing, roughly 90% of
some good solutions. When the temperature reathes the demands can eventually be routed. Then, the result is
the SA becomes a pure greedy algorithm. According tacompared to the greedy solution, as well as the optimum
our tests, the exponential transition probability formulasolution obtained by the ILP model. All methods follow the
suggested by Kirkpatrick et al.[11] has shown goodprinciple of accommodating as many demands as possible
performance, i.e.Pi ans(C,C’ 1) = e:vp(CK_BC;/). (Section 11-C3).

According to our testsy it is Capab'e of Obtaining a The qua“ty of the solutions obtained by the different
satisfactory solution within much less time than that regpii  Solving approaches is shown in the following two figures.
by the ILP model (Section 1V), and the solution quality For ILP solutions, the result is obtained when the gap
is also better than that obtained by running fRandom reaches<1%, i.e., at most 1% away from the optimum
Solution Generation (RSG)r the same time. Although the solution. Fig.3 shows the total number of demands routed in
final solution obtained by SA is inherently sub-optimum. its the final solution, and Fig.4 shows the comparison of average
quality is significant better than the path-oriented meghod routing cost for each demands using the greedy solution as
(even combined with ILP), in which the paths for eachreference.
demand are selected from a set of pre-calculated candidates

IV. NUMERICAL RESULT Number of Demands Routed

Here we show the optimization result obtained with the 1
topology of X-WiN network [12], which is a German g
scientific research network with nodes located in its major **°
cities. The physical layer of our test case consists of 54maj
nodes and 81 links from X-WiN network. The capacities of g
links range from 1Gbit/s to 20Gbit/s, the same setting as
established in X-WiN. Then, 100 logical links are randomly ¢
generated using the resource of physical links, which orga+
nizes 70% to 80% of the physical resources into the logical ,,
layer. Finally, 20% to 80% (random even distribution) of the
total capacity at each logical link is marked as occupied to 2
emulated the current network usage.

A test has been carried out to show the influence of "z 40 60 80 100 120 140 160
SRLG conditions (in the above model, SRLGs are only due Humber of demands fequing disont paihs
to logical links routed over the same physical link). We
repeatedly generate type 2 demand with random source and
destination nodes. The resource request of such demands
are set to) so that resource shortage in the network is not
a problem. At first, by ignoring all SRLG relationship and
only considering the pure graph information like Fig.1b, we
use Suurballe’s algorithm to find a pair of disjoint paths for
each demand. This is roughly what a planner can do in a
single-layer TE model. Then, we check if such a solution
violates the SRLG-disjoint condition. In our experiment €
of 10 thousand times random demands generation, 74.29%
solutions obtained in this way are in fact non-disjoint,,i.e 3
the 2 paths in a solution traverse at least one commorg
physical link. | : b

Now, we test the different solving approaches of the TE R L
model. To avoid the mixed effect of performance measuring, * o :
the test is set to find a minimum cost solution for
type 2 demands, each with randomly generated source and “o 20 40 60 80 100 120 140 160
destination. Violation of the disjoint condition is notaled plumber of demands fequiing djomt patns
in this test. The resource requests of each demand are
randomly generated and evenly distributed. The range of
distribution is adjusted each time to let the overall demand From the results, it is clear that with the increment of

X ¥

100

80

emands routes

60

Figure 3. The average cost per routed demands by each method

Cost Per Demand Comparison
115 T T

Greedy (reference) —+—
SA b-x--d
ILP %

95 T

Figure 4. Number of accommodated demands by each method
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the amount of demands to be considered in one planningimulated annealing based planning method has also been
task, more demands can be routed with even reduced averageggested as an alternative solution approach, aiming at
cost. The performance of SA is close to that of ILP, andobtaining satisfactory solutions when the solving time of
significantly better than that of the greedy solution. Fig.5the ILP model is prohibitively high.

shows the solving time of the ILP model and the simulated
annealing model with respect to the amount of demands.
The solving time of SA is multiplied by 10 to display the [1] J. Huand B. LeidaJraffic Grooming, Routing, and Wavelength
curve more clearly. The LP solver is ILOG CPLEX version ~ Assignment in Optical WDM Mesh Netwarks Proc. of IEEE
11.0.0, and we are using a PC with 3GHz processor and 1G INFOCOM 2004, vol. 1, March 2004, pp.495-501.
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In this paper, we discussed the traffic engineering problem

of disjoint route allocation in multi-layer networks, and
suggested an analytical model to take the disjoint conustio

in physical layer into an integrated optimization approach
Our ILP model is introduced for the basic problem setting,
and then extended to support choices like conditional vio-
lation of disjoint constraints and best-effort accommanxtat

of demands. Our model has considered the scalability issue
often encountered in the multi-layer planning. Besides, a
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