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Abstract—With the explosive growth of the Internet and the
incredible development of network applications, the variation in
traffic volume has become one of the most important problems
faced by network operators. Designing a network using a single
“busy hour” traffic matrix strains credibility due to the high
volatility of traffic patterns. Thus, there is a need to incorporate
demand uncertainty into the network design problems explicitly.
This paper investigates a practical implementation of a network
design model considering traffic demand uncertainty. More
precisely, we focus on the problem of link weight optimization
in IP networks where the traffic is routed along shortest
paths according to the link metrics (OSPF and IS-IS-based
networks). We propose a local search based algorithm for
weight optimization under demand uncertainty. This algorithm
can be used either in single-start mode, for incremental weight
optimization, as well as in multi-start mode, for global weight
optimization. Extensive computational results show that this
algorithm yields IP routings which are close to the optimal
routings within low computing times with respect to known
weight optimization algorithms.

I. INTRODUCTION

The success of the Internet – well beyond the initial
expectations of its inceptors – has resulted over time in its
extensive usage for societal and economical reasons. The
Internet is today the fundamental component of the worldwide
communication infrastructure playing a crucial role in our
society. The success of the Internet is yet to be amplified
in the near future with the rapid development of many new
applications, including grid computing and SaaS (Software
as a Service) applications, but also peer-to-peer and social
networks.

Network operators have to regularly upgrade their network
infrastructure in order to face the growth of the Internet traffic
and the rising QoS requirements. In the current competitive
context, a cost-efficient alternative to installing excessive
amounts of capacity is to perform route optimization in order
to avoid network congestion and service degradation. Route
optimisation allows to make more efficient use of existing
network resources by tailoring routes to prevailing traffic.

Open Shortest Path First (OSPF) and Intermediate System
to Intermediate System (IS-IS) are the most commonly used
intra-domain Internet routing protocols [39], [37]. Traffic flow

is routed along shortest paths, splitting flow at nodes where
several outgoing links are on shortest paths to the destination.
The weights of the links, and thereby the shortest path routes,
can be changed by the network operator. The weights could
be set to 1 or proportional to their physical distances, but
the standard practice recommended by Cisco is to make
the weight of a link inversely proportional to its capacity.
Although fairly efficient in some cases, such heuristics often
lead to poor network resource utilization.

Given a set of traffic demands between origin/destination
(OD) pairs, the link weight optimization problem amounts
to finding a set of link weights that optimize a given
performance measure. This is in contrast with the traditional
routing problem where there is no restriction on the structure
of the paths to be used. Since its introduction by Fortz and
Thorup [26], [28], many studies have been devoted to the
link weight optimization problem.

In the above definition of the link weight optimization
problem, it was assumed that the traffic load in the network
is known or can be measured. However, in practice, traffic
demands between nodes cannot be measured exactly, and
moreover they change continuously. Designing a network
using a single “busy hour” traffic matrix strains credibility
because with the increasing popularity of higher bandwidth
applications, traffic patterns are more and more volatile
even in the aggregate. Such an approach can lead to a poor
utilization of network resources if at some point in time
the actual traffic matrix deviates significantly from the one
used for route optimization. A well-known online approach
to handle time-varying traffic matrices is to rely on online
traffic monitoring and to update routes adaptively as some
changes are observed. However, these distributed load-based
updates can lead to complexity and even network instability
problems.

An alternative offline approach that has been recently
proposed is to optimize over a set of traffic matrices [38],
[4], [17], [6]. This set, which is often a polyhedral set, has
to contain all possible realizations of the random traffic
demands, or at least the most likely ones. The motivation
is to determine the routing whose worst case performance



for any feasible realization in this set is the best. Such a
routing is called oblivious since it is determined irrespective
of a specific traffic matrix. Optimization methods used to
obtain this oblivious routing belong to the class of robust
optimization methods since they integrate the uncertainty
about the time-varying traffic demands. Most previous works
incorporating demand uncertainty have been devoted to the
VPN design problem with the well-known hose model of
uncertainty introduced by Duffield et al. [21], or to the
traditional routing problem under a polyhedral demand
uncertainty.

The robust link weight optimization problem has been
considered only recently. Previous works assume polyhedral
demand uncertainty, but otherwise do not make any other
assumption on the structure of the uncertainty set. The
advantage is that these methods can handle any polyhedral
definition of demand uncertainty. The drawbacks however
are that they left open the question of what is a meaningful
uncertainty set, and that they cannot exploit the specific
structure of this set in order to reduce computing times. As
we argue below, traffic matrix estimation algorithms can be
used to obtain upper and lower bounds on the amount of
traffic of each OD flow, as well as upper bounds on the total
ingress and egress traffic of each edge router. The resulting
uncertainty model is a combination of what is called a box
model of uncertainty in [8], and of the hose model of demand
uncertainty [21]. It provides a concrete uncertainty structure
that makes sense for a network operator. Moreover, by
tailoring our algorithm to this specific uncertainty structure,
we are able to achieve a significant reduction in computing
times.

The weight optimization algorithm proposed in this paper
adapts the local search techniques proposed in [24] to
this specific demand uncertainty structure. It has several
advantages with respect to the above mentioned works.
The first one is its versatility since it can be used in
single-start mode, for incremental weight optimization, as
well as in multi-start mode, for global weight optimization.
The incremental weight optimization enables the network
operator to improve its current routing with few weight
changes. If more weight changes are allowed, then global
weight optimization can be used to avoid beeing trapped in
a local minimum and thus get a better solution. Extensive
computational results show that the proposed algorithm
delivers solutions which are often very close to the lower
bound given by the optimal robust multipath routing. These
results show also that our algorithm is very fast with respect
to the other robust link weight optimization algorithms
proposed in the literature.

In the next section, we review related works. Section III
is devoted to the mathematical statement of the link weight
setting problem. The proposed algorithm is described in
section IV. Computational results are reported in section V.

Concluding remarks are drawn in the last section.

II. RELATED WORKS

In this section we review the relevant research literature
on the traditional link weight optimization problem, on traffic
matrix estimation and on robust routing optimization.

A. Link weight optimization with known traffic demands

The traditional link weight optimization problem assumes
that the traffic demand is known for each OD pair and aims at
finding the link weights, and hence the routing paths, that op-
timize some given criterion such as the link utilization (see [5]
for a complete survey and problem extensions). This problem
is known to be NP-hard [26]. Although it can be formulated as
an integer programming problem [42], this formulation does
not yield an efficient approach to solve it. Therefore, most
previous works have focused on approximation algorithms.
They can be classified into two broad approaches: those that
tries to solve an inverse shortest path problem [9], [11], [12],
[15], [44], [50], and those that start from an initial solution,
i.e. a set of link weights, and aim at iteratively improving it
[26], [22], [14], [29], [53], [24], [51]. In this paper, we extend
the local search alogrithm of [24] to our special structure of
demand uncertainty.

B. Traffic matrix estimation

As mentioned in the introduction, traditional route
optimization methods assume that the traffic demand of each
OD pair in the network is known. Unfortunately, it cannot
be directly measured in large high-speed networks due to
the high processing overhead and to the significant reporting
traffic induced by current metrology tools (e.g. Netflow
[18]). Some attemps have to done to reduce this overhead
using sampling techniques [19]. An alternative approach is
to use the link counts provided by the SNMP protocol to
retrieve the actual traffic demands. However, since there are
usually many more network flows than link load measures,
this leads to an ill-posed inverse problem which cannot be
solved without additional information. Starting with [52],
a first generation of methods has tried to use link load
covariances as this additional information [36], [16], [33],
[43]. These methods are based on statistical assumptions
on the traffic demands whose validity is questionable. A
second generation of methods use spatial or temporal prior
information [54], [47], [40], [25]. The simplest of these
methods is the tomogravity one [54] which assumes that the
traffic between nodes i and j is proportional to the total
incoming traffic at node i and to the total outgoing traffic
at node j. As for the first generation of methods, the weak
point of these methods is related to the prior information
that is assumed and the validity of the estimated traffic
matrix cannot be guaranteed. To overcome this difficulty,
the latest generation of methods use posterior spatial and
temporal information. They require a calibration phase where
the traffic matrix is regularly measured using Netflow over
a certain period of time and then use filtering techniques



to predict future traffic matrices [48], [41]. Although
the accuracy of these methods is signifiantly superior
to that of first generations methods, their drawback is the
overhead induced on the network during the calibration phase.

Using any of the above traffic matrix estimation algorithms,
we can easily obtain upper and lower bounds on the
fluctuations over time of each traffic demand around its
average value. The lower and upper bounds are obtained
by taking respectively the minimum and maximum values
observed during the metrology phase for the amount of traffic
of this OD pair. Of course, these bounds have to integrate the
possible inaccuracy of the estimation. Moreover, the network
operator is free to adopt a more conservative approach by
scaling these values in order to protect against bursts of traffic.

Moreover, upper bounds on the total amount of ingress and
egress traffic at each edge router can be directly obtained
from SNMP link counts. Here again, these upper bounds are
obtained by taking the maximum values measured with SNMP
for the ingress and egress traffics during the metrology phase.
Our uncertainty model therefore combines lower and upper
bounds on the amount of traffic of each OD flow with upper
bounds on the ingress and egress traffics of edge routers. It
can be viewed as a combination of the box model of demand
uncertainty [8] and of the hose model of demand uncertainty
[21].

C. Robust routing optimization

One of the most well-known model of demand uncertainty
is probably the hose-model [21] introduced by Duffield et
al. for VPN design [3], [32], [34], [35], [45], [23]. This
model gives the total amount of ingress and egress traffic
at each endpoint of the VPN. The uncertainty set is then
composed of all traffic matrices such that their row sum is
the total ingress bandwidth of the corresponding source node
and their column sum is the total egress bandwidth of the
corresponding destination node.

Some authors have addressed the general routing problem.
Applegate and Cohen [7] discuss this problem with almost
no information on traffic demands. Belotti and Pinar [8]
incorporate box model of uncertainty as well as statistical
uncertainty into the same problem. Ben-Ameur and Kerivin
[10] study the minimum cost general oblivious routing
problem under polyhedral demand uncertainty and propose
an algorithm based on iterative path and constraint generation
as a solution procedure.

The robust link weight optimization problem has been
considered only recently. Chu and Lea address this problem for
IP networks supporting hose-model VPN [17]. Mulyana and
Killat [38] deal with the OSPF routing problem, where traffic
uncertainty is described by a set of outbound constraints.
Altin et al. [4] study polyhedral demand uncertainty with
OSPF routing under weight management and provide a

compact MIP formulation and a branch-and-price algorithm
which can be used to solve small problem instances exactly.
In [6], Altin et al. extend the tabu search algorithm of [26] to
handle polyhedral demand uncertainty.

As mentionned in the introduction, one the main contribu-
tion of the present paper with respect to the above works is
related to our demand uncertainty model. By exploiting its
specific structure, we are able to reduce the computation of
the maximum load of a link to a standard minimum cost flow
problem, which can be solved very efficiently. This allows a
drastic reduction of the overall computing times.

III. PROBLEM STATEMENT

Let us assume that we are given a network of N nodes and
M links represented by a graph G = (V,E). We let Q ⊂ V
denote the set of edge routers. The capacity of link l ∈ E is
Cl. We are also given a set of K = |Q|(|Q|−1)/2 OD flows,
where each flow k = 1, . . . ,K is defined by its source node
s(k) ∈ Q, its destination node t(k) ∈ Q and its (uncertain)
bandwidth requirement ds(k),t(k). In the following, we let d
denote the vector of traffic demands.

A. Structure of the demand uncertainty set

As explained in section II-B, our demand uncertainty model
is a combination of the box model of demand uncertainty and
of the hose model of demand uncertainty. Let as,t and bs,t be
the lower and upper bounds on the amount of traffic of the
OD flow (s, t) ∈ Q, respectively. Let bouts and bins denote the
upper bounds on the total ingress and egress traffics of edge
router s ∈ Q, respectively. Our demand uncertainty model is
the polytope D of traffic matrices d satisfying the following
linear constraints:

as,t ≤ ds,t ≤ bs,t , s, t ∈ Q, (1)∑
t6=s

ds,t ≤ bouts , s ∈ Q, (2)∑
t 6=s

dt,s ≤ bins , s ∈ Q. (3)

Throughout the paper, it will be assumed that
∑
s∈Q b

out
s =∑

t∈Q b
in
t . We will also assume that

∑
t6=s bs,t > bouts and∑

s 6=t bs,t > bint .

B. Feasible solutions

A feasible solution of the weight setting problem is a vector
w = (w1, . . . , wM ), where wl ∈ Ω is the weight assigned to
arc l ∈ E and Ω = {1, . . . , wmax} is the set of allowed
integer values for link weights. The OSPF protocol allows for
wmax ≤ 216−1. Given a feasible solution w = (w1, . . . , wM ),
a shortest path algorithm can be used to compute the following
parameters:
• Dt

u(w) is the distance from node u to destination node
t,



• δtu,v(w) = 1 if link l = (u, v) is on a shortest path
towards destination node t, i.e. Dt

u(w) = wl + Dt
v(w),

and 0 otherwise,
• ntu(w) =

∑
v δ

t
u,v(w) is the number of outgoing arcs

from node u that are on a shortest path towards destina-
tion node t.

These parameters summarize all the information on shortest
paths from node u to node t for the weight vector w. Assuming
that traffic is split evenly between all outgoing links on the
shortest paths towards the destination, the fraction of the OD
flow (s, t) passing through link l = (u, v) is then

f ls,t(w) =
δtu,v(w)

ntu(w)

∑
(i,u)∈E

f i,us,t . (4)

Note that the above relation holds whatever the traffic matrix
d ∈ D. It allows the recursive computation of the fractions
fu,vs,t (w) for each OD flow (s, t) and each link (u, v) ∈ E
once the parameters δtu,v(w) and ntu(w) have been computed.

C. Objective function

Assume a weight vector w ∈ ΩM has been fixed. Then, the
maximum amount of traffic over link l = (u, v) is given by

yl(w) = max
d∈D

∑
s,t∈Q

f ls,t ds,t. (5)

Our objective is to minimize the congestion rate of the
network, i.e., the utilization rate of the most loaded link.
This is a standard cost function that is often used by network
operators. The cost of a feasible solution w ∈ ΩM is therefore
as follows:

Φ(w) = max
l∈E

yl(w)

Cl
. (6)

The problem to be solved can then be stated as follows:

min
w∈ΩM

Φ(w). (7)

Note that our algorithm is not restricted to this cost function
but can also be used for additive cost functions, e.g., to
minimize the average queueing delay in the network.

IV. A LOCAL SEARCH ALGORITHM FOR WEIGHT
OPTIMIZATION

To solve the weight optimization problem, we propose a
local search heuristic [1], [30], [31]. The main originality of
this algorithm lies in the neighbourhood structure it uses and
in the method used to evaluate the maximum link loads. The
pseudo-code in figure 1 describes the proposed local search
algorithm which is further described in the following sections.
We emphasize that this algorithm is very similar to the one
presented in [24], except for the evaluation of maximum link
loads (cf Section IV-D).

Algorithm 1 Robust OSPF weight optimization algorithm

1: procedure METRICOPTIMISATION
2: Let w = (w1, . . . , wM ) be the initial solution and

Φ(w) its cost.
3: w∗ = w . Initialisation of minimum cost solution

4: while Convergence() = false do
5: Φmin =∞
6: for l = 1 . . .M do
7: Compute ∆l and wl = w + ∆l el
8: Compute shortest paths: δtu,v(w

l), ntu(wl)
9: Compute maximum load yl(w), l ∈ E

10: Compute cost Φ(wl)
11: if Φ(wl) ≤ Φmin then
12: wnext = wl and Φmin = Φ(wl)
13: end if
14: end for
15: w = wnext

16: if Φ(w) < Φ(w∗) then
17: w∗ = w . Update of minimum cost solution
18: end if
19: end while
20: end procedure

A. Neighbourhood definition

Let el be the M -vector (0, . . . , 1, . . . , 0) with 1 in position
l and 0 elsewhere. The neighbourhood of a solution w =
(w1, . . . , wM ) is defined as follows:

N (w) =
{
w1,w2, . . . ,wM

}
, (8)

where wl = w + ∆l el, for l ∈ E, with

∆l =argmin∆≥1

 ∑
s,t∈Q

f ls,t(w +∆ el) <
∑
s,t∈Q

f ls,t(w)

. (9)

Thus, the neighbourhood of a given solution W contains at
most M solutions. Each one is associated to a link l and is
obtained by increasing the weight of this link by the minimum
amount such that at least one OD flow is deviated from this
link (in whole or in part).

B. Neighbourhood generation

Let Fl be the set of OD flows transmitted over link l (f ls,t >
0). If Fl = ∅, then ∆l cannot be defined since it is impossible
to deviate traffic from link l. Otherwise, we proceed as follows
to compute ∆l:
(a) Set wl = (w1, . . . , wi−1,∞, wi+1, . . . , wM ).
(b) For all u, t ∈ V , update distances Dt

u(wl) using a
shortest path algorithm.

(c) Let

dlmin = min
f∈Fl

[
D
t(f)
s(f)(w

l)−Dt(f)
s(f)(w)

]
, (10)



be the minimum increase of shortest path length over all
flow f ∈ Fl.

(d) ∆l is given by

∆l =


1 if dlmin = 0

dlmin if 0 < dlmin <∞
∞ if dlmin =∞

The solution wl = w + ∆l el deviates traffic from link l:
• If dlmin = 0, there was multiple shortest paths for at

least one OD flow of Fl (load sharing). By increasing
the weight wl by ∆l = 1, this flow will be completely
deviated from link l,

• If 0 < dlmin <∞, the solution wl introduces load-sharing
for at least one OD flow belonging to Fl,

• If dlmin = ∞, link l is mandatory for all flows f ∈ Fl
and it is easy to prove that it can be suppressed from the
set of links whose weight has to be optimized (provided
the network is connected).

C. Dynamic update of shortest paths

Two key operations are often performed during
neighbourhood exploration. The first one is the update
of shortest paths when a single link weight is increased. This
occurs when the weight of link l is set to ∞ in order to
compute ∆l, but also when this weight is set to wl + ∆l in
order to evaluate the neighbour wl.

Considering a single weight change (increase in our case),
usually only a small part of the graph is affected. It is therefore
sensible to avoid the computation of shortest paths from
scratch, as it is the case with Dijkstra’s algorithm, but only
update the part of the graph affected by the arc weight change.
This problem is known as the dynamic shortest path problem.
Many algorithms were proposed to solve this problem, one
of the most famous being the algorithm of Ramalingam and
Reps [46]. As suggested in [26], we have used an improved
version of this algorithm [13].

D. Maximum link loads

The other key operations that is frequently performed
is the computation of maximum link loads. This operation
is performed each time we need to evaluate the cost of a
neighbouring solution wm, m ∈ E. Considering a given
neighbour wm, we observe that we do not need to recompute
the maximum load for all links, but only for those links for
which the parameters f ls,t have been updated. These links
can easily be identified during the dynamic update of shortest
paths.

Let l be one of these links. The maximum link load
yl(w) of link l is the optimal value of (5) with the updated
values of the routing coefficients f ls,t. From our assumptions∑
t6=s bs,t > bouts and

∑
s6=t bs,t > bint , it is clear that there

exists at least one optimal solution such that
∑
t 6=s ds,t = bouts

and
∑
s 6=t ds,t = bint . Note that this implies that∑

s,t∈Q
ds,t =

∑
s∈Q

bouts =
∑
t∈Q

bint . (11)

With respect to the optimal value of (5), constraints (2)-
(3) can therefore be replaced by the following linear equality
constraints:

∑
t 6=s

ds,t = bouts , s ∈ Q, (12)∑
s6=t

ds,t = bint , t ∈ Q. (13)

Let D∗ be the polytope of traffic matrices defined by
constraints (1) and (12)-(13). The maximum link load of link
l can now be written as follows:

yl(w) = max
d∈D∗

∑
s,t∈Q

f ls,t ds,t,

= max
d∈D∗

∑
s,t∈Q

f ls,t ds,t +
∑
s∈Q

bouts −
∑
s∈Q

bouts ,

=
∑
s∈Q

bouts + max
d∈D∗

∑
s,t∈Q

f ls,t ds,t −
∑
s,t∈Q

ds,t,

=
∑
s∈Q

bouts + max
d∈D∗

∑
s,t∈Q

(f ls,t − 1) ds,t,

=
∑
s∈Q

bouts − min
d∈D∗

∑
s,t∈Q

(1− f ls,t) ds,t.

The computation of yl(w) therefore reduces to solving the
following minimization problem:



mind∈IRK

∑
s,t∈Q

(1− f ls,t) ds,t

s.t.
as,t ≤ ds,t ≤ bs,t , s, t ∈ V∑
t 6=s ds,t = bouts , s ∈ V∑
t 6=s dt,s = bins , s ∈ V

As depicted in Figure 1, the structure of the above problem
is that of a standard minimum cost flow problem on a bipartite
graph. Nodes on the left represent sources nodes while node on
the right represent destination nodes. Each source node s has a
supply of bouts units and each destination node t has a demand
of bint units. The cost of arc (s, t) is 1 − f ls,t, its capacity is
bs,t and the lower bound on its flow is as,t. This problem can
be solved very efficiently using any of the minimum cost flow
algorithms described in chapters 9, 10 and 11 of [2].

E. Convergence test

The convergence test is based on 3 criteria: (1) maximum
number of iterations Q1, (2) a maximum number of iterations
Q2 before improving the best found solution and (3) an empty
neighbourhood for the current solution (∆l = ∞, ∀l ∈ E).



bout1

bouts

boutN

1

s

N

1

t

N

bin1

bint

binN
.

.

(1− f l
s,t, as,t, bs,t)

(1− f l
s,1, as,1, bs,1)

(1− f l
s,N , as,N , bs,N )

Fig. 1. Minimum cost flow problem.

If Q2 = 0, the algorithm converges to a local minimum, but
otherwise it can escape from a local minimum by selecting
the neighbour solution corresponding to the minimum cost
increase. The algorithm then stops if no solution better than
w∗ is found in Q2 iterations.

F. Single-start and multi-start modes

In the following, we will consider several variations of
algorithm 1. First, the algorithm can be used in single-start
mode, for incremental weight optimization. In the sequel,
we refer to this incremental weight optimization algorithm
as algorithm AINCR. The parameters of this algorithm are
Q1 = 100 and Q2 = 5.

Algorithm 1 can also be used in multi-start mode. In this
case, algorithm 1 is repeated several times, starting from (a)
the current weight settings, (b) weights of each link set to 1
and (c) weights of links set inversely proportional to the link
capacities. In the following we will denote such algorithm by
AMS .

V. RESULTS

We have tested our link weight optimization algorithms
AINCR and AMS on medium-to-large-size real network topolo-
gies. We have collected the information of most instances
from the IEEE literature (bhvac, pacbell, eon, metro, and
arpanet), and from the Rocketfuel project [49] for the topolo-
gies abovenet and vnsl. For the latter topologies, arc capacities
as well as upper bounds on the ingress and egress demands of
edge routers have been obtained with the method described in
[6]. All tests have been carried out with a Pentium Centrino 3
Ghz processor, running under Linux with 2 GB of memory
available. The AINCR and AMS algorithms have been imple-
mented in C++. We have used the LEMON library [20] to
solve the minimum cost flow problem. In the following results,
the initial solution of AINCR was obtained by setting all link
weights to 1.

A. Hose model of demand uncertainty

In this section, we compare our algorithms with the methods
proposed by Altin et al. [5]. For the purpose of the comparison,

we assume the hose model of demand uncertainty and adopt
their cost function : Φ(w) =

∑
l∈E Φl(w), where

Φe(w) =



0 yl(w)
Cl

= 0

yl(w) 0 ≤ yl(w)
Cl

< 1
3

3yl(w)− 2Cl

3
1
3 ≤

yl(w)
Cl

< 2
3

10yl(w)− 16Cl

3
2
3 ≤

yl(w)
Cl

< 9
10

70yl(w)− 178Cl

3
9
10 ≤

yl(w)
Cl

< 1

500yl(w)− 1468Cl

3 1 ≤ yl(w)
Cl

< 11
10

5000yl(w)− 16318Cl

3
11
10 ≤

yl(w)
Cl

<∞

.

The above cost function was initially introduced in [26]
and later used by many works on link weight optimization.
For the comparison to be fair, we use exactly the same
network data that in [5]. The algorithms presented in [5] use
the optimization method presented in [27] as a subroutine.
The latter method allows the optimization of link weights
for a discrete set of traffic matrices. To handle polyhedral
demand uncertainty, Altin et al. propose to dynamicaly
add traffic matrices to this discrete set. They propose two
different algorithms. The first one, called CM, generates a
demand matrix that puts the network in a worse situation
as a whole for a given solution w on the basis of the
total routing cost Φ(w). On the contrary, the other method,
called LM, generates a new traffic matrix corresponding to
the worst case for an individual link in terms of link utilization.

Note that the costs provided by our methods are upper
bounds on the costs evaluated by Altin et al. since for any
weight vector the following holds

max
d∈D

∑
l∈E

Φl(w) ≤
∑
l∈E

max
d∈D

Φl(w)

Thus, our methods optimize an upper bound on the cost as
defined in Altin et al. As a consequence, when our methods
return a weight vector yielding an upper bound which is
lower than the cost obtained with the methods of Altin et al.,
this weight vector gives a better solution than those obtained
with LM and CM.

Tables I and II compare the costs and the running times
obtained for the different network topologies using our al-
gorithms and the CM and LM algorithms. It can be seen
that except for the abovenet instance, our algorithms clearly
outperform the CM and LM methods. Note also that our
algorithm is always far more faster than these methods.

B. Combination of the Box and Hose models of demand
uncertainty

In this section we consider our original model of demand
uncertainty (Box + Hose model). We compare in the following
the solutions generated by our algorithm AMS with those
obtained using the following algorithms:



TABLE I
COSTS OBTAINED UNDER ALGORITHMS AINCR , AMS , CM AND LM

Instance AINCR AMS CM LM
abovenet 34.9 34.9 9.4 9.4
arpanet 533.4 533.4 5.51 106 1.01 107

bhvac 2.45 107 2.45 107 3.70 107 3.90 107

eon 3.63 107 3.63 107 5.15 107 5.11 107

example 9010.3 9010.3 158094.0 171720.0
metro 19858.0 843.3 1582.9 1492.0

nsf 40213.0 40200.0 2.55 106 2.56 106

pacbell 4735.6 4735.6 1.49 106 541683.0
telstra 0.27 0.27 0.28 0.28
vnsl 128357.0 128357.0 128357.0 128357.0

TABLE II
RUNNING TIMES (SEC) FOR ALGORITHMS AINCR , AMS , CM AND LM

Instance AINCR AMS CM LM
abovenet 0.57 1.02 71 440
arpanet 52 101 124074 18331
bhvac 4 19 67 3084
eon 59 127 8135 10500

example 0.47 0.94 8 23
metro 1.87 2.35 78 1029

nsf 0.28 0.87 9 3
pacbell 2 4 111 485
telstra 0.8 1.14 200 96
vnsl 0.3 0.88 2 1

• The two standard heuristics, i.e. link weights set to 1
(UNIT) and link weights set inversely proportional to link
capacities (INV CAPA),

• AMS under the hose model of demand uncertainty,

To obtain upper and lower bounds on the fluctuations over
time of each traffic demand around its average value, we have
used the tomogravity method [54] to compute the average
demand and have assumed a variation of ±50% around this
average value. Moreover, for each test, we have computed a
lower bound on the cost by solving the optimal multi-path
routing problem:

min z (14)
s.t. ∑

s,t∈Q
f ls,t ds,t ≤ Cl z , l ∈ E,d ∈ D (15)∑

l∈δ+(v)

f ls,t −
∑

l∈δ−(v)

f ls,t = hvs,t , s, t∈Q, v∈V, (16)

0 ≤ f ls,t ≤ 1 , l∈E, s, t∈Q (17)

where δ+(v) (resp. δ−(v)) denotes the set of incoming (resp.
outgoing) arcs at node v, while hvs,t is 1 if v = s, -1 if v = t
and 0 otherwise. Note that inequalities (17) ensure that there
no restriction on the routing scheme. Constraints (15) have to
be ensured for every traffic matrix d lying in the uncertainty
region D. This leads to a semi-infinite optimization problem.
As suggested in [3], this difficulty can be bypassed using
duality theory.

Fig. 2. Maximum utilization rate in (%)

Results are reported in figure 2. Firstly, it can be observed
that AMS used under the Box+Hose model of demand
uncertainty always provides better solutions than the two
standard heuristics UNIT and INV CAPA (improvements of
39.9% and 77.8% on the average, respectively). This proves
that AMS improves significantly its initial solutions. We also
observe that for most instances, AMS is fairly close to the
lower bound (+20% on the average). The worst gap is 45%
(metro), and the smallest one is 4% (arpanet). For these
two instances, the gaps of INV CAPA are 227% and 30%,
respectively.

Another interesting result emerged from the above
experiments: the maximum link utilizations obtained under
the Box+Hose model are always significantly lower than
those of the hose model. For some instances such as bhvac
and metro, the maximum link utilization under the hose
model is 3 times that under the Box+Hose model. These
results indicate that the hose model is really a too pessimistic
model for network design. Box+Hose model allows to reject
some traffic patterns which, although consistent with the bin

and bout values, may be highly unlikely.

VI. CONCLUSION

In this paper, we have addressed the problem of link weight
optimization in IP networks under traffic uncertainty. We have
considered a demand uncertainty model that is a combination
of the Box model and the Hose model. We have also presented



a local search based heuristic for weight optimization. The
originality of the proposed algorithm lies in the neighbourhood
structure it uses. One of the main advantage of this algorithm
is its versatility since it can be used either in single-start mode,
for incremental weight optimization, as well as in multi-start
mode, for global weight optimization. Extensive computational
results have shown that our heuristic algorithm yields IP
routings which are close to the optimal routings within low
computing times with respect to known weight optimization
algorithms.
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[50] A. Sridharan, R. Guérin, and C. Diot. Achieving near optimal traffic
engineering solutions in current ospf/isis networks. In Proceedings of
INFOCOM 2003, San Fransisco, USA, 2003.
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