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Abstract. There have been research initiatives in centralized control recently,
which advocate that the control of an autonomous system (AS) should be performed in a centralized fashion. In this paper, we propose an approach to perform traffic engineering and routing in networks with centralized control, named
LP-redirect. LP-redirect is based on an efficient formulation of linear programming (LP) that reduces the number of variables and constraints. As LP is not
fast enough for runtime routing, LP-redirect uses a fast scheme to recompute
routing paths when a network topology changes. The performance evaluation of
LP-redirect shows that it is more efficient in both traffic engineering and computation than an approach using optimized link weights. In addition, LP-redirect is
suitable for runtime traffic engineering and routing.
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1 Introduction
Traffic engineering aims at making more efficient use of network resources in order
to provide better and more reliable services to the customers. Current traffic engineering and routing in IP networks are performed in both the management and the control
planes. In the management plane, network operators configure weights of the links in a
network, which indirectly control the selection of routing paths. These weights can be
set inversely proportional to the link capacities, as recommended by Cisco [1], or they
may be optimized for traffic engineering objective functions in a network with given
traffic demands. Computing optimal link weights is NP-hard, therefore heuristics have
been developed [2] [3]. However, these heuristics are still computationally intensive:
for current backbone networks they may require hours of computation time. When the
link weights are computed in the management plane, routing is performed in the control plane based on link-state routing protocols such as OSPF and IS-IS. The forwarding
path between two routers is the shortest path considering the sum of the link weights
along the path. When a topology changes, as when a link fails, the forwarding paths are
recomputed in the routers individually using Dijktra’s algorithm [4], which is efficient
and can be done in milliseconds. However, this approach does not provide efficient
traffic engineering since the link weights are not re-optimized for the new topology.
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There have been research initiatives in centralized control recently [5] [6] [7], which
advocate that the control of an AS should be performed in a centralized fashion with
direct control: Instead of manipulating link weights, which influence indirectly the forwarding decisions in individual routers, a centralized server controls the routers’ forwarding decisions directly. A centralized control scheme simplifies the decision process, and reduces the functions required in the routers. As the architectural advantages
of centralized control are well discussed in these papers, we focus our work on traffic
engineering and routing.
In our approach, instead of tuning link weights, the centralized server computes
routers’ forwarding tables directly. To compute optimal routes for traffic engineering purposes is a multi-commodity network flow problem, which is computationally
tractable and can be solved efficiently using linear programming (LP) [8]. Solving an
LP problem to obtain optimal routes is much more efficient than computing optimized
link weights, and it can be performed in ranges of seconds and tens of seconds. However, LP is still not sufficiently fast for runtime route computation, since new forwarding
tables should be computed in no more than hundreds of milliseconds when a topology
changes. Therefore, we present a fast scheme to recompute forwarding tables when a
topology changes as a link fails. The basic idea is to fast redirect the flows on the failed
link based on current link utilizations. Then in a background process, LP can be used
to recompute optimal routing paths. After presenting this approach, named LP-redirect,
we experimentally study its performance and compare it with an approach using optimized link weights [2] [9].
The rest of the paper is organized as follows. Section 2 overviews the related work.
Section 3 presents the static routing model, which describes our LP formulation. Section 4 introduces dynamic route computation, which describes how to redirect traffic
when a topology changes. Section 5 shows the experimental setup for our performance
evaluation. Section 6 presents the results. Finally, section 7 concludes the paper.

2 Related Work
There has been a considerably amount of research in Internet traffic engineering recently. One area of research is to tune OSPF link weights in order to achieve desired
traffic engineering objectives [2] [3]. Tuning the link weights relies on having a network
topology and an estimate of the traffic demands. Approaches to derive a traffic demand
matrix from an operational network are described in [10] [11].
The constraints in OSPF, imposed by using the shortest path and equal splitting
of traffic over equal cost paths, make it difficult to achieve optimal routing. Therefore,
there are studies on how to split traffic arbitrarily, for example using hash functions [12].
In addition, it has been suggested that the traffic should not only be routed on the shortest path, but also be routed on non-shortest paths, with a penalty for longer paths [13].
Finally, optimal routing can be achieved using LP [8]. Although LP is not fast
enough for runtime route computation, it is commonly used as a reference to evaluate other traffic engineering approaches.
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3 Static Routing Model
Our network is a directed and connected graph G composed of a set of nodes V and a
set of links E. A link a ∈ E can be represented as (x, y) ∈ V ×V , where x and y are the
two end nodes of the link. Furthermore, there is a traffic demand matrix D. For each
pair of nodes (s,t) ∈ V × V the demand D(s,t) represents the amount of traffic from s
(s,t)
to t. For each link a, we let fa denote the amount of traffic from s to t that is offered
to link a. In addition, we let fat to denote the amount of traffic from all nodes to t that
is offered to link a. The total amount of traffic over link a is denoted fa and the link
capacity is denoted c(a). Finally, the link utilization u(a) could be obtained by dividing
the total amount of traffic by the link capacity: u(a) = fa /c(a).
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Fig. 1. Link cost φa as a function of utilization u(a).

The objective of traffic engineering is to keep the traffic loads within the link capacities, and particularly, the loads on the links should be balanced. A frequently used
objective function in network optimization is to minimize the total cost in the network,
which is known as minimum cost network flow [4]. The total cost φ is the sum of the
cost on each link, φ = ∑a∈E φa . In a link a, the cost function φa can be modelled using a
piecewise linear function of the utilization, as shown in Fig. 1. The idea behind φa is that
it is cheap to transmit flows over a link when the utilization is low. As the utilization increases, it becomes more expensive. The exact definition of the objective function may
vary and is a choice for the network operators, however the objective function should
be piecewise linear increasing and convex. We have taken the objective function that is
used in [2] [3], where φa (0) = 0 and its derivative
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The definition above specifies that the cost to transmit a unit amount of traffic over a
link with a utilization below 1/3 is 1, when the utilization is above 1/3 but below 2/3,
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the cost is 3. Using the above definition, the optimal routing problem can be formulated
as the following LP:
minimize φ =
subject to
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Constraints (1) are flow conservation constraints that ensure the desired traffic flow is
routed to the destination. Constraint (2) defines the load of a link as the sum of all flows
over it. Constraints (3) to (8) define the cost of a link depending on its link capacity and
amount of traffic over it. Finally, constraint (9) ensures that each flow is positive.
The above is a complete LP formulation of the general routing problem, and hence
it can be solved optimally in polynomial time [14]. In particular, our LP formulation is
different from formulations in other papers where each flow is considered as a sourcedestination pair [2] [3] [15]. Thus, the number of commodities in these approaches is
|V |2 and the number of flow variables is |E| × |V |2 . Basically, for each link a and a pair
of nodes s and t, there is a flow variable fas,t to denote the amount of traffic from source
s to destination t that goes via link a. As we model the flows as flow to a destination,
the number of commodities is |V | and the number of flow variables is |E| × |V | only.
Therefore, for each link a there is a flow variable fat for each destination t. With our
formulation, the number of variables and equality constraints in the LP is only 1/|V | of
the traditional LP formulations, hence it can be solved much more efficiently.

4 Dynamic route computation
Although LP provides optimal routing, it is not fast enough for runtime route computation. Therefore a fast approach to reroute the packets is required upon link failures.
When a link fails, the first step in LP-redirect is to select a set of failed flows. A failed
flow is a flow that is considered to be affected by the link failure, and whose traffic needs
to be rerouted (whole or in part). When the failed flows have been selected, the next
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step is to establish the residual traffic demand (rD) for those flows. The residual traffic
demand of a failed flow represents the amount of traffic that needs to be rerouted for
that flow. After that all residual traffic demands are determined, routing paths for these
demands are recomputed. After that the packets are rerouted using the fast dynamic
approach, LP can be used again in the background to recompute optimal paths. The
recomputed optimal paths can be also be used later in routers.
4.1 Finding residual traffic demands
The approaches to find residual traffic demands are best illustrated using an example.
Consider a network topology shown in Fig. 2, we study flows towards e when link
e
(c, d) fails. For each link (x, y) in the figure, the value of f(x,y)
is shown, representing
the amount of traffic to e that goes via that link. The initial traffic demands to e are
also shown in the figure. When link (c, d) fails, a simple approach is to set residual
e
traffic demand rD(c, e) = 10. After that, 10 units of flow should be removed from f(d,e)
,
since the flow from c to e was transmitted through the link (d, e) before the failure. An
alternative approach is to set residual traffic demand rD(a, e) = 10, and remove 10 units
e
e
of traffic from both f(a,c)
and f(d,e)
. We could also set residual demands from several
sources, for example to set both rD(a, e) = 5 and rD(b, e) = 5. In this case, we need to
e
e , and remove 10 units of traffic from
remove 5 units of traffic from both f(a,c)
and f(b,c)
e
f(d,e) .
Traffic demands
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Fig. 2. A network with traffic demands.

When there are several flows to choose from, LP-redirect tries to find flows from
links with higher utilization. For example, if u(a, c) > u(b, c), residual traffic demand
rD(a, e) = 10 will be chosen. This choice leads to higher decrease in cost φ when
removing the traffic, since the cost of a high-utilized link might be higher than that of
a low-utilized link. In addition, LP-redirect prefers to select residual demands for flows
where source and destination are further away. Using this approach, residual demands
rD(a, e) and rD(b, e) are preferred over rD(c, e). The intuition behind this is that as
traffic from more links are removed, the decrease in cost will be higher.
4.2 Recomputing forwarding paths
When the residual traffic demands have been determined, LP-redirect uses Dijkstra’s
algorithm to compute the shortest paths for these residual demands. The link weights
for this computation are obtained as dynamic weights for each individual link, which
0
is based on its capacity and current utilization. It is defined as w(a) = φa (u(a))/c(a).
Basically, the dynamic link weight is inversely proportional to the link capacity and is
0
proportional the cost function φa (u(a)) specified in section 3.
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One consideration in LP-redirect is how often the dynamic link weights should be
updated? The dynamic link weights can be updated when all new routing paths have
been computed after a failure, or be updated whenever flows are added to or removed
from a link. In addition, if a residual demand rD(s,t) is large, it might be inappropriate
to assign the entire flow to a single shortest path, since it might congest the links on
the path. An alternative approach is to break down the demand into pieces and assign
a part of the demand to the shortest path, update the dynamic link weights, and then
recompute the shortest path to reassign remaining demands.
The approach that LP-redirect uses to recompute the paths is as follows. For each
node s that has a positive residual demand to any destination t, rD(s,t) > 0, the shortest
paths from s to all other nodes are computed. If the demand from s to any other node t is
smaller than a certain percentage p of the lowest link capacity along the path, rD(s,t) <
p · c(a), the entire demand is assigned to the links. Otherwise a part of the demand equal
to p · c(a) is assigned to the links. After assigning the demands from the source node
s to all destination nodes, the dynamic link weights are recomputed. If the residual
demands from s have not been fully assigned, LP-redirect recomputes the shortest-path
tree from s, and reassigns the remaining demands. After assigning all demands from s,
LP-redirect continues with the next source node with positive residual demand.
The choice of p is also an interesting parameter. When p is too small, demands
from a source need to be assigned in many iterations. When p is too large, assigning a
large demand on a single path may congest the links. Through experimentation we have
found that p = 1% provides a suitable trade-off for our performance studies.
4.3 Removing potential loops
The forwarding paths computed above can be loopy since they are based both on the
initial LP optimization and on shortest paths derived from dynamic link weights. Therefore, before installing the new routing paths, flow loops need to be removed. A flow loop
can be detected and removed by using a breadth-first search [4].

5 Evaluation
In this section, we present a method to evaluate the performances of LP-redirect and
optimized link weights. Thereafter, we present experimental setups for the performance
studies.
5.1 Performance studies
The performance of a solution is expressed using the cost function specified in section 3.
We define the minimal cost obtained when solving the LP as the optimal solution, φopt .
In addition, the minimal cost obtained using optimized link weights is denoted φosp f .
We further define optimality gap of an approach as its normalized difference in cost
to φopt . For example, the optimality gap of optimized OSPF link weights is (φosp f −
φopt )/φopt .
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In the dynamic case, let G0 be a topology when one or several of the links in G fails.
0 denote the optimal solution obtained by solving the LP with topology G0 .
We let φopt
0
Furthermore, we let φosp
f denote the solution obtained using the original optimized link
weights in G, but with the new topology G0 . Then the optimality gap for OSPF after link
0
0
0
0
failures is (φosp
f − φopt )/φopt . When using LP-redirect, φLP−redirect is computed after
redirection of flows.
5.2 Experimental setup
We have created a synthetic router-level topology using the Waxman’s model, with 50
nodes and an average link degree of four [16]. In addition, we have used an ISP topology
measured in Rocketfuel [17], the Ebone network (AS 1755) that consists of 88 routers
and 161 links. Finally, we assume uniform link capacities in both topologies.
The traffic demands we used are based on the Newton’s gravity model of migration.
The model is initially for migration of people between different towns. As the size of
the towns increases, there will be an increase in movement between them. The further
apart the two towns are, the movement between them will be less. The gravity model
and its modified versions have been widely used in communication networks [2] [18].
In our demand matrix generation, each node is given two uniformly distributed random
variables o and i for outgoing and incoming traffic. The traffic demand from node s to t
is specified as follows:
os it
D(s,t) = α
,
d(s,t)2
where d(s,t) denotes the distance and a constant α is used to scale the demands to
appropriate values. Our goal is to set α so that the average link utilizations are about
30% and 70% respectively, in order to evaluate the efficiency of traffic engineering in
varying network conditions.
Finally, we have used the GNU linear programming kit (GLPK) for LP modelling
and solving [19]. To generate near-optimal link weights, we have used IGPWO [9] that
is based on the algorithm in [2].

6 Results
Fig. 3 shows the optimality gap for four setups. The optimality gaps are shown when
links fail one after another. We study up to ten link failures from the initial network
topology, as the frequency of link failures for a single link can be as low as several
minutes [20]. As link failures at different locations may have varying impact on the
optimality gap, in each setup, our results are based on 20 simulations, with median,
10th and 80th percentile shown.
The optimality gap for LP-redirect is smaller than optimized weights in all setups.
Therefore, LP-redirect provides clearly more efficient traffic engineering. In addition,
the optimality gap in the static case (with no link failure) for optimized weights is about
0.1 when average link utilization is 30%, while it is approximately 0.6 when average
utilization becomes 70%. This indicates that the performance of optimized link weights
decreases when the average link utilization increases.
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Fig. 3. A comparison of optimality gap between LP-redirect and optimized weights.

In the dynamic case when links fail one after another, the gap for optimized weights
increases, in particular in some setups where the 80th percentile gap can be up to 5.
These gaps suggest that optimized weights may provide very poor traffic engineering
for some of the link failures. While using LP-redirect, the optimality gap increases
slowly when links fail, and the 80th percentile gap is fairly close to the median, suggesting that LP-redirect provides efficient traffic engineering for most of the link failures.

7 Conclusion
In this paper, we have presented an approach to perform traffic engineering and routing in networks with centralized control, named LP-redirect. LP-redirect is based on a
formulation of LP that reduces the number of variables and constraints, and thus can be
solved efficiently, in ranges of seconds to tens of seconds. In addition to the LP formulation, LP-redirect relies on a fast scheme to recompute routing paths when a network
topology changes, by identify failed flows and recomputing routes for these flows based
on current link utilizations and link capacities.
As a comparison, we have evaluated both LP-redirect and an approach using optimized link weights. The results show that LP-redirect provides more efficient traffic
engineering and computation than optimized link weights.
Finally, traffic in a network varies over time and it can be difficult to estimate the
traffic demands in advance. In a network with centralized control, the traffic demands
and link utilizations can be reported to the centralized sever in runtime, and this infor-
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mation can be used by LP-redirect to compute routing paths. While with optimized link
weights, when observing a change in traffic demands, it is not possible to re-optimize
link weights in a short time range. The unpredictability and abrupt changes of traffic
demands make our approach even more suitable for traffic engineering and routing.
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