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Chapter 1.
Introduction
1.1 Motivation
The traffic that network operators need to convey increases year by year due to the
introduction of new services fueled by mobile applications, video distribution and
datacenter interconnection, just to mention some.
In such scenario, incremental planning is performed periodically to decide how a
backbone optical network has to be updated to serve the forecast traffic during the next
planning period. Based on reliable traffic prediction, new equipment is installed and its
capacity is ready to be used. Nonetheless, due among others to the introduction of new
services, exact prediction is not usually available, which leads to installing more
capacity than that required thus, increasing network expenditures. To reduce expenses,
capacity can be installed not at the beginning of a planning cycle, but rather wait until
it is required to meet the target performance. Hence, it is interesting to analyze this
alternative approach and evaluate its potential savings.
As mentioned above, the introduction of new services requiring large and dynamic
bitrate connectivity can cause changes not only in the volume, but also in the direction
of the traffic in metro and even core network segments along the day. This leads to large
overprovisioning in statically managed virtual network topologies (VNT), designed to
cope with the traffic forecast. To reduce expenses while ensuring the required grade of
service, the current VNT can be adapted to not only the volume, but also the direction of
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the traffic. The potential benefits that such VNT reconfiguration can offer deserve a
detailed study of this problem.

1.2 Goals of the MSc thesis
The main objective of this MSc thesis is to provide networks with adaptability features
in order to adapt to current and upcoming traffic needs. Two specific goals are defined to
achieve this main goal:
G.1 – Increment the optical layer capacity
To find the set of new optical links to be installed so as to meet the performance
parameters.
G.2 – Redesign of the virtual network topology
To adapt the virtual network topology to forecast traffic.

1.3 Methodology
During the development of this MSc thesis we follow the methodology presented in Fig.
1-1:
Idea

• Problem Statement
• ILP formulation

Algorithm
Design

Algorithm
Implementation

Performance Evaluation
• Simulation (OMNeT++)

Fig. 1-1 Methodology used in this MSc thesis.
The process starts when a new idea is conceived. The problem is first formally stated
and an Integer Linear Program (ILP) formulation is designed. Since solving such
formulations would require long computation times, not suitable for the kind of
problems considered, heuristic algorithms providing a better trade-off between
optimality and complexity need to be devised and implemented. Algorithms are
evaluated in a network simulator based on the OMNeT++ event-driven simulation
framework [OMNET].

Chapter 1 - Introduction
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1.4 Thesis outline
The remainder of this thesis begins with a review of the relevant background material,
followed by the development of two specific cases of network planning and
reconfiguration, respectively to fulfill the defined goals. Finally, the concluding
discussion includes the main contributions of this thesis, the list of publications and
some future research lines.
Chapter 2 presents a brief introduction to multilayer optical transport networks. Optical
transmission technology, network topologies, transponder devices and the particular
case of the flexgrid technology are first presented. Then, the multilayer network
architecture is described followed by an overview on network operation, planning and
recovery. This chapter ends by presenting the mathematical optimization tools applied
to solve the problems faced along this thesis; in particular, the Routing and Spectrum
Allocation (RSA) problem is described for the sake of understanding in next chapters.
Chapter 3 faces goal G.1 and proposes to incrementally add new links to the optical
layer in order to meet the target grade of service; this is done by monitoring some
metrics and triggering an incremental capacity planning algorithm when necessary. The
problem is formally stated and an ILP model and heuristic algorithms are devised to
compute the necessary operations needed to achieve this goal. Finally, exhaustive
simulation results validate our proposal. This chapter is based on the work done in
[Ve16] and [Mo16.3].
Chapter 4 focuses on goal G.2 and considers the periodical reconfiguration of MPLS
network topologies under dynamic traffic schemes. The effect of previous known
reconfiguration methods against one based on data analytics is compared, where traffic
forecast is obtained and used to adapt the topology to future traffic. The problem is
formally stated, where an ILP formulation and heuristic algorithms are developed to
find the appropriate network topology either for current and future traffic. Finally,
exhaustive simulation results validate this proposal. This chapter is based on the work
done in [Mo16.1], [Mo16.2] and [AV16].
Finally, 0 summarizes the work carried along this MSc thesis and draws the main
conclusions. It also lists the papers published during the thesis and presents future
research lines to be developed during my PhD.
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Chapter 2.
Background and related work
As starting point, let us introduce the concepts and technologies used along this thesis.
First, optical transport networks are presented. Dense Wavelength Division
Multiplexing (DWDM) transmission technologies and later Elastic Optical Networks
(EON), which promise a more efficient usage of the optical resources are briefly
introduced. The multilayer network architecture is afterwards introduced to define how
optical resources can be shared among different services.
In order to perceive how optical transport networks are managed, definitions of network
operation and planning are presented. Since one of the chapters of this thesis is related
to fiber link failures, concepts related to network recovery are also introduced.
Finally, we review optimization methods needed to solve the problems addressed in this
thesis. In particular, the routing and spectrum allocation problem in flexgrid optical
networks is reviewed.

2.1

Optical transport networks

An optical network is a network composed by optical nodes connected using optical
fibers. In these networks the information is transmitted as an optical signal; in the
network nodes, the signal can be switched optically or converted to the electrical
domain.
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This section starts by introducing the optical technology and the basic optical nodes,
devices and topologies. Finally, we pay special attention to EONs, which will be the
transmission and switching technology assumed for this thesis.

2.1.1 Transmission technology
The Dense Wavelength Division Multiplexing (DWDM) technology allows transmitting
different data flows on different optical wavelengths. Most DWDM systems currently
use the frequency region around 1550 nm, because this is one of the frequency regions
where the signal attenuation reaches a local minimum. Fig. 2-1 shows an example of the
DWDM technology.
DWDM systems with channel spacings ranging from 12.5 GHz to 100 GHz have been
specified [G694]. With that technology, the number of optical wavelength channels being
multiplexed onto a single fiber ranges between 50 and 400.

Wavelengths
(λ)

DWDM
signal

DWDM
signal

Wavelengths
(λ)

Optical Fiber

De/Multiplexer

De/Multiplexer

Data flows

Data flows

Fig. 2-1 DWDM Technology.
Light emitters (usually semi-conductor lasers) are key components in any optical
network. They convert an electrical signal into the corresponding light signal, on a
single wavelength, that can be injected into the fiber. Besides, a DWDM system uses a
multiplexer at the transmitter side to multiplex the different wavelengths together in a
bundle, and a demultiplexer at the receiver side to split them apart. An optical fiber
transmits optical signal through long distances. On a typical 80 channel DWDM system
transporting 10Gbit/s per wavelength, the maximum distances that can be transmitted
without regeneration are about 2000 km [Pe04].
In all-optical or transparent networks optical connections are established between endnodes, assigning them a specific optical channel without any intermediate electronic
processing.
When a connection request (or demand) between a source and a destination arrives, an
optical connection is established in the optical network; these optical connections are
commonly referred to as lightpaths.

Chapter 3 – Incremental Capacity Planning
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2.1.2 Network topology
The first DWDM systems were point-to-point systems. The introduction of
Reconfigurable Optical Add/Drop Multiplexer (ROADM) in the transport networks
allows them to be configured in ring-based topologies. A ROADM allows dropping a
specific wavelength out of the bundle of DWDM-multiplexed signals, and adding
another channel on the same wavelength (Fig. 2-2a). A ROADM also allows for remote
configuration and reconfiguration.
a)
West

East

Reconfigurable
Optical Add Drop
Multiplexer (ROADM)
Ring Networks

Access Ports

b)
Optical
Cross-Connect
(OXC)
Ring Networks

Mesh Networks

Fig. 2-2 Optical nodes and topologies.
The introduction of sophisticated optical devices such as Wavelength Selective Switches
(WSS) [Ts06] made possible to build evolved ROADM architectures and optical crossconnects (OXCs), the key element to build optical mesh-based networks (Fig. 2-2b)
[Ro08].
Ring-based networks present lower capacity efficiency than mesh networks; mesh
networking allows connections to be routed over shorter paths. In this regard, meshbased networks have been extensively used in packet-based networks due to their high
efficiency and flexibility.

2.1.3 Transponders
Transponders are optical devices responsible for transforming electrical flows into
optical signals and vice-versa; therefore, they are used as end-points of lightpaths.
Depending on their properties, different kinds of transponders are described in the
literature. The selection of the kind of transponder is related to the characteristics of the
lightpaths conveyed through the optical network [Ri12]. In optical networks where all
lightpaths are of same capacity, e.g. 100 Gb/s, Fixed Transponders (FT) can be used and
just one type of transponder needs to be kept in the inventory. However, when
lightpaths have different capacities, e.g. 40/100/400 Gb/s, FTs of different capacities
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have to be installed in the network nodes and different types of transponders have to be
maintained in the inventory thus, significantly increasing network operational
expenditures (OPEX).
Moreover, since the capacity of demands and transponders must coincide, compatible
transponders need to be available in the end nodes of that connection. Even though FTs
could be available in those nodes, lightpaths could not be set up if they are not of the
required capacity.
As an alternative solution, Bandwidth-Variable Transponders (BVT) enhances FTs’
characteristics by enabling dynamic configuration of their capacity and can be used in a
range of capacities, e.g. 40/100/400 Gb/s. In such way, the inventory contains
transponders of a single kind thus, notably reducing network OPEX.
However, BVTs are underutilized when lightpaths require lower capacities than that of
the BVTs. For instance, a 400 Gb/s BVT can end a lightpath of 400 Gb/s at the most;
when lower capacities are requested, the residual capacity remains unused.
To increase the flexibility of BVTs and improve their utilization, a new kind of
transponder, named as Sliceable BVT (SBVT), has been proposed in the literature
[Ji12], [Nap15]. SBVTs consist of a set of modules, each able to support an independent
lightpath. Three constraints are imposed by SBVTs over the supported lightpaths: i) the
total number of lightpaths cannot exceed the number of modules in the SBVT; ii) the
total capacity of the supported lightpaths cannot exceed the total switching capacity of
the SBVT; and iii) the spectrum allocated to each lightpath cannot overlap [Sam15]. For
instance, an SBVT of 400 Gb/s with 4 internal modules can support four lightpaths of
100 Gb/s, or two lightpaths of 100 Gb/s plus a third one of 200 Gb/s, etc.
Different modulation formats provide a series of trade-offs and draw-backs. For
instance, the 16-QAM modulation format (B16-QAM=4 b/s/Hz) needs half spectrum width
than QPSK (BQPSK=2 b/s/Hz) to transmit the same bit rate. Whereas 16-QAM has worse
receiver sensitivity than QPSK thus, limiting the distance of optical connections.

2.1.4 Elastic Optical Networks
[G964] standardization defines a flexible grid (previously introduced in [Li11]) to realize
Elastic Optical Networks (EONs). EON requires from specific components such as
Bandwidth-Variable (BV) Spectrum Selective Switches to build BV-OXCs. The optical
spectrum is divided into frequency slices, which are portions of the spectrum with a
fixed width (e.g., 6.25 GHz). The central frequency defines where the assigned spectrum
is centered and it allows positioning the slices allocated to a connection. A subset of
contiguous (adjacent) frequency slices is called a frequency slot and it is characterized by
its central frequency and the number of slices that contains. In order to illustrate the
concepts introduced above, Fig. 2-1 represents the spectrum of an optical fiber link in
EON.

Chapter 3 – Incremental Capacity Planning
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Fig. 2-1: Logical representation of a fiber link.
Thanks to this, an EON can adjust the slot allocation to varying traffic conditions over
time, thereby creating a network scenario where slots are both switched and redimensioned according to temporary traffic requirements. Therefore, traffic demands
are assigned a frequency slot according to their requested bit-rate and the selected
modulation technique [Ji10].
Let us introduce some notation related to graph theory. Let graph G(N, E) represent the
topology of an EON, where N is the set of OXCs and E the set of optical links connecting
two OXCs, and let S be the set of frequency slices available in each link e ∈ E. Then,
given a connection request d requesting for B(d) Gb/s, the spectral resources that need
to be allocated are a function of the spectral efficiency (Bmod in b/s/Hz) of the chosen
modulation format.
Without loss of generality, given Bmod and the spectrum granularity (e.g., 6.25 GHz), we
compute the amount of contiguous slots required by connection request d, denoted as
S(d), as in [Ji10]:

 B(d ) 
S (d ) = 

 Bmod ⋅ 6.25 

(2-1)

It must be mentioned that eq. (2-1) tends to underestimate the number of slices
required, as it assumes that B(d) consists only of payload data. However, in general, this
is not the case, as different overhead data (e.g., around 10% extra) may be required.
Such overhead may vary according to the modulation format selected.
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2.2 Multi-layer networks
The ITU-T defines in G.805 [G805] a reference layered transport network architecture
with technology-independent relationships among functional entities. Therein, each
network layer has a twofold role, namely, a server role to the client layer above it as
well as a client role to the network layer below it. In brief, a subnetwork describes the
capacity to associate a set of connection points (CPs) to convey the so-called
characteristic information. With such an objective, two possible kinds of connection are
defined: i) a link connection is a fixed and rigid connection between two CPs and ii) a
subnetwork connection (SNC) is a flexible connection that may be set up and released by
either the control or the management plane. As a result, a network connection is a
concatenation of subnetwork and link connections delimited by a termination connection
point (TCP) pair.

Optical
Layer

A single-layered four-node optical network is exemplified in Fig. 2-3a. In such a
scenario, link connections (representing the different frequency slot data links) associate
CPs at remote neighboring nodes; these link connection sets are bundled into network
connections between remote TCPs. Let us suppose now that a lightpath is set up
between ingress node A and egress node D (Fig. 2-3b). The incoming client signal at the
optical node A is adapted and cross-connected by means of a SNC to an outgoing CP.
This CP is, in turn, connected through a data link to an incoming CP in the neighbor of
node. At the intermediate nodes B and C, SNCs bind incoming and outgoing CPs, which
should be mapped to the same frequency slot (assuming no spectrum conversion is
performed). As soon as the signal reaches destination node D, it is cross-connected,
adapted, and sent to the corresponding client access port.

a)

A

B

C

D

C

D

Optical
Layer

Lightpath

b)

A

B

Connection Point (CP)
Termination Connection Point (TCP)
Subnetwork Connection (SNC)

Fig. 2-3 Example of a single-layered network architecture.
Let us now present assume a two-layered network architecture with an optical server
layer and a client MPLS aggregation layer on top. The MPLS layer allows the mapping
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of the client traffic to be transported over the optical layer. At the bottom, optical nodes
provide client access ports, used to inject aggregated client flows to the network. The
incoming electrical signal would be afterwards adapted, switched to and conveyed
through the optical layer.

MPLS
Layer

The architecture of the two-layered network under consideration is shown in Fig. 2-4,
where a MPLS link connection commonly referred as virtual link (vlink) is set up
between MPLS routers B and E (Fig. 2-4a). Imagine that the requested bitrate becomes
1/4 of the total spectrum capacity. The incoming signal is adapted and further inserted
into an outgoing lightpath, reaching in this way optical node E. Note that no processing
is needed at intermediate MPLS routers C and D, as the signal optically bypasses them
through the lightpath B–E. At the destination, the signal is demultiplexed and the
client signal is cross-connected, adapted, and delivered to the sink MPLS router. In the
resulting scenario, routers B and E appear to be directly connected with an additional
capacity of 3/4 of the total vlink capacity.

Virtual Link

Optical
Layer

Lightpath

a)

A

B

C

D

E

F

MPLS
Layer

MPLS path

Virtual link

Virtual link

Lightpath

Lightpath

Optical
Layer

Lightpath

Virtual link

b)

A

B

C

D

E

F

Fig. 2-4 Two-layer network architecture (a) before and (b) after setting up an end-to-end
MPLS path supported by three vlinks.
Further looking at Fig. 2-4b, the previously established vlink has now been used to
create the transparent MPLS path between nodes A and F. To this end, two additional
vlinks between nodes A–B and E–F are set up, providing the required connectivity at
the MPLS layer. Specifically, a SNC associates incoming CPs with outgoing CPs at
intermediate client nodes B and E. It is worth mentioning that a MPLS path supported
on vlinks allocated in different frequency slots can be conveyed without spectrum
conversion, as the signal is optical/electrically converted at the MPLS layer.
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The previous example illustrates how the proposed architecture allows building MPLS
network topologies, commonly referred to as virtual network topologies (VNT) where
MPLS paths between end MPLS routers can be transparently routed. Figure Fig. 2-5
illustrates a high level representation of the multilayer architecture, with a VNT on top
of the optical network topology.

Packet Layer
Multilayer
Network

VNT

Optical Layer

Fig. 2-5. Example of VNT supported by lightpaths on the optical layer.

2.3 Off-line planning
Planning (i.e., designing and dimensioning) the network generally consists in
determining the nodes and links that need to be installed and which is the equipment to
be purchased to serve the foreseen traffic while minimizing network capital
expenditures (CAPEX). Because those tasks are done before the network or part of the
network enters into operation, it is commonly known as off-line planning.
Indeed, the classical network life cycle typically consists of several steps that are
performed sequentially (Fig. 2-6). Starting with inputs from the service layer and from
the state of the resources in the already deployed network, a planning phase needs to be
carried out to produce recommendations that the next phase uses to design the network
for a given period. That period is not fixed and the actual duration usually depends on
many factors, which are operator and traffic type specific. Once the planning phase
produces recommendations, the next step is to design, verify, and manually implement
(install) the network changes. While in operation, the network capacity is continuously
monitored and the obtained data are used as input for the next planning cycle. In case of
unexpected increases in demand or network changes, nonetheless, the planning process
may be restarted.
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Population grow

New Services
Planning &
Forecast

Monitor &
Measure

Architect &
Design

Implement
design
Network
Operation

Fig. 2-6 Classical network life-cycle.

2.4 Static vs. dynamic network operation
Operation of the currently deployed transport networks is very complex since multiple
manual configuration actions are needed for provisioning purposes (e.g., hundreds of
thousands of node configurations per year in a mid-size network). In fact, transport
networks are currently configured with big static fat pipes based on capacity overprovisioning, since they are needed for guaranteeing traffic demand and Quality of
Service (QoS). Furthermore, network solutions from different vendors typically include a
centralized service provisioning platform, using vendor-specific Network Management
System (NMS) implementations along with an operator-tailored umbrella provisioning
system, which may include a technology specific Operations Support System (OSS) (Fig.
2-7). Such complicated architectures generate complex and long workflows for network
provisioning: up to two weeks for customer service provisioning and more than six
weeks for core routers connectivity services over the optical core network [Lo13].
Fig. 2-8 illustrates the fact that such static networks are designed to cope with the
requirements of several scenarios, and predicted short-term increases in bandwidth
usage thus, requiring capacity over-provisioning and significantly increasing CAPEX. It
shows a simple network consisting in three routers connected to a central one through a
set of lightpaths established on an optical network. Two different scenarios are
considered, although the same amount of IP traffic is conveyed in each of them. In the
scenario A, router R3 needs three lightpaths to be established to transport its IP traffic
towards R4, whereas R1 and R2 need only one lightpath each. In contrast in the
scenario B, R1 and R2 need two lightpaths, whilst R3 needs only one lightpath. In static
networks, where lightpaths in the optical network are statically established, each pair of
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routers has to be equipped with the number of interfaces for the worst case, resulting in
R4 being equipped with 7 interfaces. However, if the optical network can be dynamically
reconfigured setting up and tearing down lightpaths on demand, each router can be
dimensioned separately for the worst case, regardless of the peering routers. As a result,
R4 would need to be equipped with only 5 interfaces, thus saving 28.5% of total interface
costs. This example clearly opens the opportunity to dynamic network operation.

Service
Management
Systems

Internet

Voice

CDN

Cloud

Business

Umbrella Provisioning System

Network
Operations
Support System

Metro
OSS

Transport
Network
Nodes

IP/MPLS Core
OSS

Optical Transport
OSS

NMS
(Vendor A)

NMS
(Vendor B)

NMS
(Vendor A)

NMS
(Vendor B)

NMS
(Vendor A)

NMS
(Vendor B)

Metro
(Vendor A)

Metro
(Vendor B)

IP/MPLS
(Vendor A)

IP/MPLS
(Vendor B)

OXC
(Vendor A)

OXC
(Vendor B)

Fig. 2-7 Current static architecture.

3

R2

R1

2
1

R3

1 3

Scenario
A
3

2
R4

3

2

R2

R1

2

2
1

2

R3

2 3
1

Scenario
B

2
R4

IP link
Lightpath

R4 -> 5 interfaces

Fig. 2-8 An example of dynamic planning and reconfiguration.
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2.5 Recovery
Failures at the optical layer are very important due to the high bandwidth available per
fiber; a single failure usually implies important traffic losses. Fiber cuts resulting from,
for instance, digging works or the failure of an individual transmitter or receiver are
quite common. In this section, we introduce the most commonly used concepts in
network recovery.
In general, resiliency is the capability of the network to continue in operation when a
failure occurs. Resiliency is provided by either protection or restoration mechanisms.
When applied to paths, the former is based on the replacement of a failed path with a
pre-assigned backup path; the latter is based on rerouting failed paths using spare
capacity.
Considering the failure of an optical fiber link, the set of demands routed through such
link is the set of affected demands. The tuple formed by the link and its set of affected
demands is known as a failure scenario. In this MSc thesis, we consider failure
scenarios caused only by one single link failure. We can identify, then, each failure
scenario by an index q, and define the set Q as the set of all indexes representing failure
scenarios. Therefore, given a failure scenario q and the set D of all demands in the
network, we define the set of affected demands as D(q)⊆D. The set D(q) shall be rerouted as fast as possible to reduce the recovery time, which should be in the order of
hundreds of milliseconds for real network operators [Ca14].
We say that an affected demand d ∈ D(q) can be restored if it can be re-routed using the
available network resources at failure time. In case that no restoration lightpath can be
found, we say that the demand is not restorable. Let D*(q) be the maximal subset of D(q)
whose demands can be restored at the same time. Then, we define the restorability
coefficient Rq ∈ [0,1] of a failure scenario q as:

R =
q

D * (q )

| D(q) |

(2-2)

We can also define a weighted version of the previous coefficient that uses the bitrate of
the demands. Given the set of bitrates b1,…,b|D(q)| requested from each affected demand
of D(q), we can rewrite the previous coefficient as in eq. (2-3), which expresses the
proportion of restored bitrate with respect to the total bitrate affected by a failure. In
this thesis we assume this definition.
In some situations, it is enough to restore at least some of the affected demands and not
necessarily all. This can be expressed by means of a restorability threshold Rthr.

∑b

i

R =
q

i∈D* ( q )

∑b

i∈D ( q )

i

(2-3)
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2.6 Mathematical modelling
Designing and dimensioning networks implies solving a series of complex decision
making problems, given the size of the networks and the wide margin of operation that
current technology offers.
Because of this, it is crucial relying on mathematical methods not only capable of
formally representing these problems, but also of providing high quality solutions in
practical times. In this section we introduce two of these methods, namely mathematical
programming and heuristic algorithms, which will be applied along this thesis.

2.6.1 Mathematical programming
Mathematical Programming is a mathematical field that studies the selection of the
best element x* from a set of feasible solutions X, subject to some criteria [Ch83].
Usually, the quality of a choice x ∈ X is relative to a function f(x).

In particular, Linear Programming (LP) is a subset of Mathematical Programming
where x is a real-valued vector, f(x) is a linear function and X is defined by a linear
system of inequalities. More formally, a minimization LP problem can be defined as
follows:

z * = min f ( x)

(2-4)

Ax ≤ b, x ≥ 0

(2-5)

subject to:

A feasible solution of the problem is any element x satisfying eq. (2-5). Thus, the optimal
solution x* of a LP problem is defined as follows:

x* = arg min{ f ( x) : Ax ≤ b, x ≥ 0}

(2-6)

Note that a problem can have one or multiple optimal solutions. However, there might
be cases where z* does not exist. For instance, in a maximization problem where feasible
solutions can make f(x) arbitrarily large. In such case, the problem is said to be
unbounded. Contrariwise, when the set of feasible solutions is empty the problem is said
to be infeasible.
When variables in a LP problem are restricted to be integer, the problem is called as
Integer Linear Programming (ILP), whereas if the problem combines integer and real
variables, the problem is named as Mixed Integer Linear Programming (MILP). Finally,
Non-Linear Programming (NLP) refers to the subset of Mathematical Programming
with non-linear function or constraints.
Regarding complexity, a decision problem is said to be Non-deterministically Polynomial
(NP) if any candidate solution can be verified in a polynomial number of steps in the
size of the input by a Turing deterministic machine. There is an exponential upper
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bound on the number of steps needed to decide a problem in NP, whereas it is still an
open issue if this bound can be polynomial (i.e., P=NP). Among NP, subclass NPcomplete refers to the hardest decision problems to solve.
Several exact procedures have been developed to solve Mathematical Programming
problems. For example, the Simplex algorithm is used for solving LPs, whereas Branch
and Bound and Branch and Cut algorithms are used for ILPs [Ch83]. When the problem
is large-scaled, i.e., the size in number of variables and constraints makes impractical to
solve it with the previous described algorithms, decomposition methods such as basic
LP-based decomposition, column and row generation and interior point methods can be
applied to reduce the computational effort. In the case of NLPs the use of interior point
methods such as Newton’s barrier method has been exploited for non-linear constrained
problems. Although the output of these exact methods is the optimal solution, the
required computation time tends to be too high for practical purposes when real-life
instances need to be solved, even in the case of using good solvers such as CPLEX
[CPLEX].
When the achievement of the optimal solution is not required, some relaxation methods
such as Lagrangian relaxation or randomized rounding provide good-quality solutions
by relaxing some integrality constraints, thus decreasing the problem’s complexity.
Alternatively to these relaxation methods, meta-heuristic methods have been also
deeply studied to provide near-optimal feasible solutions [Bl03]. Next section provides
the basic concepts of meta-heuristics, as well as the details of the meta-heuristics used
in this thesis.

2.6.2 Heuristic methods
A heuristic is a method to provide good solutions in practical times. Although the
optimality of the solution cannot be guaranteed, heuristics solutions can be compared to
that of exact methods obtaining the so called optimality gap. Among heuristics,
constructive algorithms and local search methods can be distinguished. Constructive
algorithms generate solutions from the scratch by adding components to an initially
empty partial solution, until a solution is complete. Local search algorithms start from
some initial solution and iteratively try to replace the current solution by a better
solution in an appropriately defined neighborhood of the current solution.
A meta-heuristic can be defined as an iterative master process that guides and modifies
the operations of subordinate heuristics to efficiently produce high-quality solutions.
The subordinate heuristics are simple constructive and local search methods, or just a
constructive method. Thus, meta-heuristics are generic frameworks which can be
applied to different optimization problems with relatively few modifications. Examples
of common meta-heuristics are Simulated Annealing, Path Relinking, Tabu Search, Ant
Colony and Genetic Algorithms [Gl03]. In the next section the details of the Greedy
Randomized Adaptive Search Procedure (GRASP) [Fe95] are presented for a better
understanding of the next chapters.
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2.6.3 The GRASP meta-heuristic
GRASP is an iterative procedure consisting of a two-phase main algorithm, which finds
a good-quality solution at each iteration [Fe95]. Within the first phase of the algorithm
(constructive phase) one feasible solution is built by means of an ad-hoc randomized
greedy algorithm. The degree of randomness is determined by the parameter α. Next,
the local search phase, designed to explore the neighborhood of the solution, is applied
aiming at improving the current solution. The procedure finishes when some criterion is
met, e.g., a number of iterations without improving the best solution or a maximum
execution time. Table 2-1 shows the main algorithm of the GRASP meta-heuristic for
minimization.
Table 2-1: GRASP Main Algorithm
INPUT GCF(.), f(.), α
OUTPUT x*
1: x* ← ∞
2: while not stop criteria is met do
3:
x ← constructivePhase(GCF(.), α)
4:
x ← localSearch(f(.), x)
if f(x)<f(x*) then
5:
x* ← x
6:
*
7: return x

The constructive phase (Table 2-2) is characterized by a greedy cost function (GCF) that
allows ordering the elements to be included in the solution. At each constructive phase
iteration, a candidate list (CL) containing all elements suitable to be included in the
solution is created. Then, the restricted CL (RCL) is defined as a subset of CL containing
the best elements ordered by GCF. The size of the RCL is determined by a parameter α.
When α=0, the RCL is equal to the best element, whereas if α=1 then RCL=CL.
The following equation is used to create the RCL:

{

(

RCL(CL, GCF ) = s ∈ CL : GCF (l ) ≤ GCF min + a ⋅ GCF max − GCF min

)}

(2-7)

where:

GCF min = min GCF (l )

(2-8)

GCF max = max GCF (l )

(2-9)

s∈CL

s∈CL

Regarding the local search algorithm (Table 2-3), a neighborhood H of the solution x is
built from a certain algorithm or function, for example, a simple exchange between one
element in x and other not in x. Thus, depending on the improving strategy we can
distinguish two cases: the best-fit and the first-fit strategies. While in the former all
neighbors are investigated and the current solution is replaced by the best, in the latter
the current solution moves to the first neighbor whose cost function value is smaller
than that of the current solution.
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Table 2-2: GRASP Constructive Phase
INPUT GCF(.), α
OUTPUT x
1: x ← Ø
2: Initialize CL
3: while CL ≠ Ø do
Build RCL(CL, GCF(.), α)
4:
Select s randomly from RCL
5:
x ← x U {s}
6:
Update CL
7:
8: return x

Table 2-3: GRASP local search
INPUT f(.), NB(.), x
OUTPUT x
1: Compute H(NB(.),x)
2: while H ≠ Ø do
Select x from H
3:
Compute H(NB(.), x)
4:
5: return x

2.7 The routing and spectrum allocation problem
The Routing and Spectrum Allocation Problem (RSA) problem consists in finding a
feasible route and spectrum allocation for a set of demands. Similarly to the Routing
and Wavelength Assignment (RWA) problem in DWDM networks, the spectrum
continuity constraint must be enforced. In the case of EONs, the spectrum allocation is
represented by a slot and thus, in the absence of spectrum converters, the same slot
must be used along the links of a given routing path; this is called as continuity
constraint. Besides, the allocated spectrum slices must be contiguous; this is called as
spectrum contiguity constraint. The RSA problem was proved to be NP-complete in
[Chr11] and [Wa11]. As a consequence, it is crucial that efficient methods are available
to allow solving realistic problem instances in practical times.
Due to the spectrum contiguity constraint, RWA problem formulations developed for
DWDM networks are not applicable for RSA in EONs and they need to be adapted to
include that constraint. Although several works can be found in the literature
presenting ILP formulations for RSA, here we rely on those in [Ve12] since their
approach, based on the assignment of slots, allows efficiently solving the RSA problem.
The definition of slot can be mathematically formulated as follows. Let us assume that a
set of slots C(d) is pre-defined for each demand d, which requests nd slices. Let qcs be a
coincidence coefficient which is equal to 1 whenever slot c ∈ C uses slice s ∈ S, and 0
otherwise. Hence, ∀c ∈ C(d) the spectrum contiguity constraint is implicitly imposed by
the proper definition of qcs, stated as follows:

20

Designing and Dimensioning Networks According to Traffic Needs

∀i, j ∈ S , i < j , qci = qcj = 1 ⇒ qck = 1, ∀k ∈ {i,..., j}, ∑ qcs = nd

(2-10)

s∈S

In this thesis, we consider that each set C(d) consists of all possible slots of the size
requested by d that can be defined in S. Since |C(n)|=|S|-(n-1), the size of the
complete set of slots C that needs to be defined is |C|=∑n∊N [|S|-n+1] < |N|·|S|.

The algorithm in Table 2-4 computes C(d). Note that slot computation is trivial and
thus, no additional complexity is added to the pre-computation phase.
Table 2-4 Pre-Computation of C(d)
INPUT S, d
OUTPUT C(d)
1: Initialize: C(d) ← 0[|S|-nd + 1·|S|]
2: for each i in [0, |S|-nd] do
for each s in [i, i+nd-1] do
3:
C(d)[s]=1
4:
5: return C(d)

Therefore, we can define the RSA problem as the problem that finds a proper lightpath
(i.e., a route and a slot) for each demand from a given set so that the number of active
slices in the assigned slot guarantees that the bitrate requested by each demand can be
transported. Note that by pre-computing the set of slots that can be assigned to each
demand, the complexity added by the contiguity constraint is removed.
Finally, without loss of generality, we can consider that guard bands are included as a
part of the requested spectrum (i.e., in nd).

2.7.1 Basic RSA Problem
A very basic RSA problem consists in finding a lightpath for every demand in a given
traffic matrix with the objective of minimizing or maximizing some utility function.
Several alternatives for this problem may exist, for instance we can assume that all the
traffic matrix needs to be served, or alternatively some demands can be blocked, i.e. not
served. Note that additional characteristics, such as selecting the modulation format
and/or limiting lightpath reach could be defined. The problem can be formally stated as
follows.
Given:
•

a connected graph G(N, E), where N is the set of locations and a E is the set of
optical fibers connecting two locations,

•

the characteristics of the optical spectrum (i.e., spectrum width and frequency
slice width) and the set of modulation formats,
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a traffic matrix D with the amount of bitrate exchanged between each pair of
locations in N.

Output: the route and spectrum allocation for each demand in D.
Objective: one or more among:
•

Minimize the amount of bitrate blocked,

•

Minimize the total amount of used slices,

•

etc.

In the following, we present an ILP model for the above problem, based on the
formulations in [Ve12]. Note that since the topology is given, we can pre-compute a set
of k distinct paths for each of the demands in the traffic matrix and hence, the
formulation is usually known as link-path [Pi04]. Moreover, because of the use of precomputed slots for each demand, we call this formulation as link-path slot-assignment
(LP-SA).
The following sets and parameters have been defined.
Topology:
N

Set of locations, index n.

E

Set of fiber links, index e.

Demands and paths:
D

Set of demands, index d. For each demand d, the tuple <od, td, bd> is given,
where od and td are the origin and target nodes, and bd is the bitrate in Gb/s.

P

Set of pre-computed paths, index p.

P(d)

Subset of pre-computed paths for demand d. |P(d)|=k, ∀d ∈D

rpe

Equal to 1 if path p uses link e.

Spectrum:
S

Set of spectrum slices, index s.

C(d)

Set of pre-computed slots for demand d.

qcs

Equal to 1 if slot c uses slice s.

The decision variables are:
wd

Binary, equal to 1 if demand d cannot be served.

xdpc

Binary, equal to 1 if demand d is routed through path p and slot c.

Then, the LP-SA formulation is as follows:
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(LP-SA)

min

∑b

d∈D

d

⋅ wd

(2-11)

subject to:

∑( ) ∑( x)

p∈P d c∈C d

dpc

+ wd = 1, ∀d ∈ D

∑ ∑( ) ∑( r)

d∈D p∈P d c∈C d

pe

⋅ qcs ⋅ xdpc ≤ 1, ∀e ∈ E , s ∈ S

(2-12)
(2-13)

The objective function (2-11) minimizes the amount of bitrate that cannot be served
(rejected). Constraint (2-12) ensures that a lightpath is selected for each demand
provided that the demand is served; otherwise the demand cannot be served and
therefore, is rejected. Constraint (2-13) guarantees that every slice in every link is
assigned to one demand at most. Regarding size, the LP-SA formulation has
O(|D|·k·|C|) variables and O(|E|·|S|+|D|) constraints.

2.7.2 Topology Design as a RSA Problem
The previous RSA problem is somehow artificial since the topology is given. A probably
more realistic problem consist in designing the network topology to serve all the
demands in the given traffic matrix. Since each installed link increases network CAPEX
as a result of optical interfaces (including amplifiers) to be installed in the end nodes
and some intermediate locations, minimizing the number of links in the resulting
network topology would reduce CAPEX.
The problem can be formally stated as follows:
Given:
•

a connected graph G(N, E),

•

the characteristics of the optical spectrum and the set of modulation formats,

•

a traffic matrix D.

Output:
•

the route and spectrum allocation for each demand in D,

•

the links that need to be equipped.

Objective: Minimize the number of links to be equipped to transport the given traffic
matrix.
Note that we could pre-compute k distinct routes for each demand in the traffic matrix,
as we did in the previous problem. However, since only part of the links will be
eventually installed, the number of routes k to be pre-computed for each demand would
need to be highly increased to counteract the fact that some of the routes would become
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useless. For that very reason, we present an ILP formulation named as node-link [Pi04]
that performs routing computation within the optimization. Similarly as before, because
of the use of pre-computed slots for each demand, we call this formulation as node-link
slot-assignment (NL-SA).
A new parameter has been defined:
Equal to 1 if link e is incident to node n.

gne

The decision variables are:
xdec

Binary, equal to 1 if demand d uses slot c in link e.

ze

Binary, if link e is installed.

The NL-SA formulation is as follows:
(NL-SA)

min

∑z
e∈E

(2-14)

e

subject to:

∀d ∈ D, n ∈ {od , t d }

∑ ∑( g)

ne

⋅ xdec = 1,

∑ ∑( g)

ne

⋅ xdec ≤ 2, ∀d ∈ D, n ∈ N \ {od , t d }

e∈E c∈C d

e∈E c∈C d

∑g

e '∈E
e '≠e

ne '

⋅ xde 'c ≥ xdec , ∀d ∈ D, c ∈ C (d ), n ∈ N \ {od , td }, e ∈ E (n )

∑ ∑q

d∈D c∈C ( d )

cs

⋅ xdec ≤ ze , ∀e ∈ E , s ∈ S

(2-15)
(2-16)
(2-17)

(2-18)

The objective function (2-14) minimizes the amount of links to be installed. Constraints
(2-15) to (2-17) find a lightpath for every demand. Specifically, constraint (2-15) ensures
that one lightpath for each demand is created with end nodes equal to the source and
destination of demand. Constraint (2-16) guarantees that each lightpath is a connected
set of links using the same slot along the route, whilst constraint (2-17) assures that the
route does not contain any loop. Finally, constraint (2-18) prevents that any slice in any
link is used by more than one demand, while installing the link when any slice is used.
The size of the NL-SA formulation is O(|D|·|E|·|C|) variables and
O(|D|·|C|·|N|·|E|) constraints. Let us remark how the size of this formulation is
higher than that of the LP-SA formulation.
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Simulation Framework

In order to validate the models and algorithms proposed in this thesis, we developed a
network simulator based on the OMNeT++ simulation framework [OMNET]. The
simulator consists of a series of modules that exchange messages containing relevant
information thus, reproducing the behavior of a real telecommunication network. For
instance, some of the modules are responsible for the management of the topology and
the computation of paths (e.g., running the RSA algorithm) while others are responsible
for traffic generation or statistics computation [AV16].
The modular structure of the simulator provides high flexibility to configure a wide
range of different scenarios, with different topologies, algorithms and traffic generation
schemes, among others features. The network scenarios presented in this thesis can be
reproduced by properly setting up these modules.
In particular, it allows plugging custom heuristic algorithms to perform arbitrary tasks
triggered at any time during the simulation. This allows testing new ideas for network
planning and reconfiguration problems, such as the ones that will be presented in this
thesis.
In order to draw conclusions from the simulations, a statistics module gathers
information about different metrics during the simulation, such as the total or relative
fraction of blocked traffic or network metrics (e.g., number of vlinks and used
transponders, or the state of the optical spectrum). New metrics can be computed by
implementing new features in the statistics module, depending on the particular
problem being addressed.
To simulate network traffic we implemented different generators. For instance, a traffic
generator for the optical layer that follows a Poisson process for the generation of
requests, or we can rather choose a traffic generator based on more complex patterns
(e.g., daily traffic profiles of different services). This versatility in the traffic generation
allows us accurately model traffic for metro and core network segments.

2.9

Conclusions

In this chapter some background in multilayer optical transport networks and
optimization has been introduced. In particular, the flexgrid technology and the RSA
problem have been described in detail, both of them necessary to understand the work
done in this thesis. Concepts on network planning, operation and recovery have also
been presented for the same reason. Finally, the mathematical optimization methods
used to solve the problems posed in this thesis and the simulation environment used to
validate our solutions have also been described.
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Next chapter focuses on the first goal of this thesis, which aims at minimizing the
degradation of service in optical transport network by adding additional capacity on
demand.

Chapter 3.
Incremental Capacity Planning
In this chapter we focus on goal G.1 to increment the capacity of the optical network
layer. We propose to increment it as soon as it is required to meet the target
performance. Hence, performance metrics are monitored and the incremental capacity
(INCA) planning problem is solved on-demand when some drops under a threshold. The
INCA problem is mathematically modelled and a heuristic algorithm is proposed to
solve the problem in practical times. Exhaustive simulation results validate the
proposed on-demand incremental network capacity planning.

3.1

Introduction

Dynamicity of the traffic supported by optical transport networks is rather limited as a
result of large traffic aggregation. In consequence, they are statically configured and
managed, which entails bitrate over-provisioning. Similarly, long planning cycles are
used to upgrade and prepare optical transport networks for the next planning period; to
ensure that the forecast traffic and failure scenarios can be supported spare capacity is
usually installed thus, increasing network expenditures.
In this context, some authors have proposed interesting works to plan the backbone
network for multiple periods. In [Str06], the authors assume knowledge of the traffic for
every period so as to provide a globally optimal solution to the planning problem. That
knowledge is, however, not easy to be gained and it can lead to large inefficiencies when
real and forecast traffic diverge. In view of that, incremental planning was proposed.
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Authors in [Bon13] tackled the problem of reducing power consumption targeting the
power-aware logical topology design. Authors in [Shi07] and [Zhu12] tackled the
problem of designing translucent optical networks. Authors in [Ge01] proposed
techniques for multi-period planning based on routing optimization. Authors in [Me10]
studied a migration scenario aiming at increasing the capacity of optical networks. In
addition, authors in [Ru14] presented a planning tool to assist in the network design for
the next planning period taking into account new services, population, and inventory.
Nevertheless, the scenario is rapidly changing; e.g., Cisco forecast a yearly global
growth of 23% in datacenter-to-user traffic and 29% in datacenter-to-datacenter traffic
[Cisco14.1]. In [Cisco14.2], Cisco forecasts that 79% of the global IP traffic will be
related to video traffic by 2018. Alcatel-Lucent highlights that metro traffic will increase
560% by 2017 mainly driven by IP video and cloud traffic [Alcatel13]. With those
figures, it is clear that dynamicity will be relevant to optical transport networks, which
explains the tremendous transformation that we have lately assisted regarding control
and management paradigms aiming at automating connection provisioning. Those
efforts have resulted in the development of the software-defined networking (SDN)
concept and the definition of the application-based network operations (ABNO)
architecture [Ki15].
Although operating the network dynamically might bring cost savings, dynamicity itself
might cause that network resources are not optimally used. To solve that, network
resources can be made available by applying in-operation network planning [Ve14.1],
i.e., by reconfiguring and/or re-optimising the network on-demand. Examples include
spectrum defragmentation [Gi14] and re-optimization [Gi15].
Notwithstanding, planning a network requires reliable traffic forecasting so the
resulting network design can cope with future traffic. Nonetheless, making prediction
for such traffic increments is not an easy task especially if, in addition, it comes with
spatial changes in the demand (e.g. during business and night hours). In fact, in most
cases there are just forecasts for traffic volume growth over time, which results in
installing spare capacity that is not even used during the planning cycle. For that very
reason, in a recent study, the authors in [Ei15] proposed using flex-rate transmission
taking advantage of its adaptability to changing and unknown conditions. In addition,
they propose taking advantage of modular line-card architectures to facilitate
implementing pay-as-you-grow approaches.
Aiming at reducing network expenditures, in this thesis we propose a pay-as-you-grow
approach, where new capacity is installed in accordance with traffic growth. The
approach assumes that a periodical planning cycle is in charge of the design of the
network; as a result, new OXCs can be installed and a reduced number of spare linecards can be purchased and made available in some warehouses distributed over the
geography. In addition, just-in-time (JIT) techniques can be used to keep enough spare
cards always available. Spare equipment availability is often stored in an inventory
database, together with information about optical cables, optical amplifiers, fiber usage,
etc.
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In that context, the contribution of this thesis is to formally state the incremental
capacity planning (INCA) problem and propose an ILP formulation to solve the problem.
In view of its complexity, a heuristic algorithm that provides much better trade-off
between optimality and complexity is devised. The discussion is supported by the
exhaustive simulation results over a realistic scenario in section 3.4.

3.2

Incremental Capacity Planning

The INCA problem consists of deciding which resources need to be added to the network
to ensure some performance metrics. Two network performance metrics are usually of
the interest for network operators: the grade of service (i.e., blocking probability) and
restorability (defined as the ratio between the number of lightpaths that are
successfully restored and the total number of lightpaths to restore [Clo02]) under single
link failure scenarios.
For illustrative purposes, imagine that the network in Fig. 3-1a is currently in operation
and a blocking probability threshold has been exceeded. In such case, in-operation
network planning can be triggered to re-optimize network resource utilization. In the
case that no feasible solution is found for the in-operation planning problem, the only
way to reduce blocking probability is by adding new resources to the network. To ensure
performance metrics, an incremental capacity planning algorithm might decide adding a
new link connecting nodes X4 and X6, as shown in Fig. 3-1b. To add the new fiber link,
two spare line-cards must be installed in the end OXCs and connected to available
optical fibers connecting end buildings.

X3

X6

X4
X5

Card16

Card23

Card 8

Card 28

Fiber 11

Fiber 30

Fiber 31

Fiber 22

b)
X1

Card23

X2

X3

X6

Link Added
X4
X5

Inventory

X1

X2

Inventory

a)

Card 8
Fiber 11
Fiber 22

Fig. 3-1 Example of incremental capacity planning.

30

Designing and Dimensioning Networks According to Traffic Needs

To add a new link, the INCA algorithm needs to know the current state of the network
including state of the resources and established lightpaths. Furthermore, it needs
information about physical resources, even those not yet installed. In general, we can
assume that the physical layout of OXCs consists of a number of chassis containing slots
where cards can be plugged into. As for fiber links, we assume that they consist of a
number of spans where optical amplifiers are ready to be used to create end-to-end
links. Availability of spare optical fibers, line-cards, card slots, and equipment layout is
usually stored in an inventory database together with geographical information about
its location. In the example in Fig. 3-1a, the inventory reflects that four spare line-cards
and four fibers are available. Consequently, planning algorithms must access such
inventory database to decide which line-card must be selected, based e.g., in its
geographical location, and which card slot a card must be plugged into. In Fig. 3-1b, an
algorithm selected cards 16 and 28 and fibers 30 and 31 to create fiber link X4-X6.
Table 3-1 Incremental capacity planning algorithm
INPUT G(N,E), D, Inventory, params
OUTPUT ActionList
1: Eq ← getEquipment(Inventory)
2: Correlate(N, Eq)
3: LC ← getFreeLineCards(Inventory)
4: F ← getFreeFiberLinks(Inventory)
5: Gx(N, Ex = E U L) ← augmentGraph(G, Eq, LC, F)
6: S ← solveINCA(Gx, D, params)
7: if S = ∅ then return INFEASIBLE
8: return computeActionList(S)

A general algorithm to prepare data to solve the INCA problem is presented in Table
3-1. It receives the current graph G(N, E) representing the optical network, where N is
the set of optical nodes and E the set of fiber links connecting two optical nodes in N.
The set of demands D currently being served, a connection to the inventory database,
and some other parameters, are also received as input data.
Operation and inventory databases are first correlated (lines 1-2 in Table 3-1). Next,
free line-cards and fiber links are retrieved from the inventory database (lines 3-4) and
an augmented graph Gx(N, Ex) is created by adding new links (set L) to the current
graph (line 5). The INCA problem is solved using the augmented graph (line 6). Once a
solution is found, the list of actions to be performed, e.g., installing line-cards,
connecting fiber links to interfaces, activating fiber links, etc., is computed and returned
(line 8). Note that those actions require manual intervention, so an operator should
redirect them to the most appropriate engineering teams. When the new resources are
activated and become available to control and management planes, the new capacity can
be used to serve traffic and for recovery purposes.
The next section targets at solving the proposed incremental capacity planning problem.
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Solving the INCA Planning Problem

In this section, we focus on the INCA problem to be solved on-demand each time a
performance threshold (blocking probability or restorability) is violated. The INCA
problem is firstly formally stated and then, formulated as an ILP. In view of the
complexity and dimension of the problem, a heuristic algorithm to provide near optimal
solutions in practical computation times is eventually proposed.

3.3.1 Problem statement
The INCA problem can be formally stated as follows:
Given:
•

the augmented network topology represented by graph Gx(N, Ex), where N
represents the set of optical nodes and Ex the set of links. The subset L ⊆ Ex
contains inactive links ready to be installed.

•

a set of available line-cards and the card-slot compatibility.

•

the physical layout of each node, in terms of card slots.

•

the cost structure of adding new links.

•

the blocking probability and restorability thresholds to be ensured, based on
operators’ policies.

Objective: Minimize the cost of extending the network topology, considering the cost of
activating new links and installing new line-cards.
Output: The subset of links in L to be activated and line-cards to be installed in every
node.

3.3.2 Mathematical Model
The INCA problem focuses on increasing the capacity of the network to meet either
blocking probability or restorability requirement, depending on the actual threshold
exceeded. To specify the performance target to solve the INCA problem, we denote as
provisioning-wise INCA (Pw-INCA) the scheme that focuses on blocking probability and
recovery-wise INCA (Rw-INCA) the scheme that centers on restorability. For the sake of
clarity, we devise one single formulation that allows solving either approach by setting
one single parameter, ρ. To that end, input data needs to be accordingly transformed.
Pw-INCA targets at ensuring that the probability of accepting new incoming requests is
higher than the threshold. Let us assume that we know the conditions under which the
network is operating. This translates into a traffic matrix D, where every sourcedestination pair d specifies two components: i) volume bd and ii) occurrence probability
pd. The way to compute the expected blocking probability is by routing each demand
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individually and accumulating occurrence probabilities. Note that the traffic matrix for
which the blocking probability needs to be ensured can be obtained by monitoring
requests in the network control plane.
Rw-INCA aims at guaranteeing that the restorability after the single failure of every
active link is higher than the given threshold. In this approach, D specifies the set of
currently established connections and thus, pd = 1 for every demand. We define a set of
scenarios Q, where each scenario represents a failure in an active link (i.e., |Q|=|E|).
The set D(q) specifies the demands affected by a failure in the link of scenario q.
Restoration is applied to each set of demands, where available resources include all the
resources used by every demand in the set before the failure, except the failed link.
As a result of using scenarios for the Rw-INCA approach and aiming at using a common
formulation valid for both approaches, scenarios have to be also considered in Pw-INCA.
A scenario is then created for each individual demand in the traffic matrix (i.e.,
|Q|=|D|) and represents the probability that the next connection request is the
associated demand. In this case, every unused resource is available to route the
demands.
The INCA problem can be modelled using the node-link slot-assignment formulation in
[Ve14.2].
Topology:
N

set of nodes, index n.

Ex

extended set of links, index e.

E(n)

set of links incident on node n.

L

subset of E with inactive links.

len(e)

length of link e (km).

Demands, scenarios, and spectrum:
D

set of bidirectional demands, index d. Every demand is identified by the tuple
<od, td, bd, pd>, where od is the source (origin) node, td is the destination node, bd
is the requested bitrate in Gb/s, and pd is the occurrence probability.

Q

set of scenarios, index q.

D(q)

set of demands in scenario q.

S

set of spectrum slices, index s.

C(d)

set of all pre-computed frequency slots for demand d, index c.

δcs

1 if frequency slot c contains frequency slice s; 0 otherwise.

δqec

1 if frequency slot c in link e can be used in scenario q; 0 otherwise.
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Equipment, cost, and performance:
R(n)

set of empty card slots in node n, index r.

T

set of spare line-cards, index t.

δrt

1 if line-card t is compatible with slot r; 0 otherwise.

cnt

cost of installing line-card t in node n. This cost includes line-card transport
from the current line-card’s location to the node’s location.

len(t)

reach of line-card t (km).

ce

cost of activating link e. This cost includes the cost of the line-cards and the cost
of the fiber link.

thr

target network performance threshold.

ρ

INCA selector: 1 if Pw-INCA and 0 if Rw-INCA.

The decision variables are:
xqdec

binary, 1 if demand d is routed through link e using frequency slot c in the
scenario q; 0 otherwise.

ydq

binary, 1 if demand d is blocked in scenario q; 0 otherwise.

ze

binary, 1 if link e is activated; 0 otherwise.

uer

binary, 1 if link e is connected to the line-card in slot r; 0 otherwise.

vrt

binary, 1 if line-card t is installed in card slot r; 0 otherwise.

Then, the formulation for the INCA problem is as follows:
(INCA)

min

∑c ⋅ z + ∑ ∑ ∑c
e∈L

e

e

n∈N r∈R ( n ) t∈T

nt

⋅ vrt

(3-1)

subject to:

∑ ∑d

qec

⋅ xqdec + yqd = 1 ∀q ∈ Q, d ∈ D(q), n ∈ {od , td }

(3-2)

∑ ∑d

qec

⋅ xqdec ≤ 2 ∀q ∈ Q, d ∈ D(q), n ∈ N \ {od , td }

(3-3)

e∈E ( n ) c∈C ( d )

e∈E ( n ) c∈C ( d )

∑d

e∈E ( n )
e≠e '

qec

⋅ xqdec ≥ xqde 'c ∀q ∈ Q, d ∈ D(q), c ∈ C (d ), n ∈ N \ {od , t d }, e'∈ E (n)

∑ ∑d

d ∈D ( q ) c∈C ( d )

cs

⋅ xqdec ≤ z e ∀q ∈ Q, ∀e ∈ E x , ∀s ∈ S

(3-4)

(3-5)
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∑ ∑p

q∈Q d ∈D ( q )

d

⋅ bd ⋅ (1 − y dq ) ≥ r ⋅ thr ⋅ ∑

∑p

∑u

r ∈R ( n )

d

er

dq

er

t∈T

∑ ∑v

n∈ N r ∈R ( n )

rt

∀q ∈ Q

(3-7)

rt

⋅ vrt ∀n ∈ N , r ∈ R(n)

rt

≥

∑ len(e) ⋅ u

e∈E ( n )

(3-8)
(3-9)
(3-10)

≤ 1 ∀t ∈ T

∑ len(t ) ⋅ v
t∈T

d ∈D ( q )

d

= ze ∀n ∈ N , e ∈ E (n) ∩ L

∑ u = ∑δ

e∈E ( n )

(3-6)

q∈Q d ∈D ( q )

∑ b ⋅ (1 − y ) ≥ (1 − r )⋅ thr ⋅ ∑ b

d ∈D ( q )

⋅ bd

d

er

∀n ∈ N , r ∈ R(n)

(3-11)

The objective function (3-1) minimizes the cost of increasing the capacity of the original
network topology from adding new links, including line-cards and fiber links, and the
installation cost, including the cost of transporting line-cards from their current location
to the node’s location, as well as the installation cost.
Constraints (3-2)-(3-5) find routes and allocate spectrum for each demand under every
scenario. Constraints (3-2)-(3-4) select the route and the spectrum allocation for each
demand, provided that the demand is served; otherwise, it will be blocked. Constraint
(3-5) ensures that every spectrum slice in every link supports one demand at the most;
it also activates the link if at least one of its frequency slices is used. Constraint (3-6) is
applied under Pw-INCA, where weighted blocking probability is computed and
compared against the blocking probability threshold. Constraint (3-7) is applied under
Rw-INCA to ensure that the restorability threshold is met for each individual link
failure scenario.
Constraints (3-8)-(3-11) deal with inventory management. Constraint (3-8) connects
each new link to an available card slot at each link’s end. For each of these card slots
with a new connected link, constraint (3-9) installs an available and compatible linecard. Constraint (3-10) ensures that every line-card in the inventory is used once at the
most. Finally, constraint (3-11) guarantees that the reach of each installed line-card
covers the link length.
The above formulation includes solving the RSA problem for a set of demands, that was
proved to be NP-complete (see [Ve14.2]), as well as a combinatorial problem for line-card
selection. The size of the formulation is O(|Q|∙|D|∙|E|∙|C| + |R|∙(|E|+|T|))
variables and O(|Q|∙|D|∙|E|∙|C|∙|N| + |N|∙|R| + |T|)) constraints. As an example,
the size of the above formulation for the Telefonica national network (30 nodes, 56 links)
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presented in section 3.4 considering |S|=640, |D|=1000, |R|=10, and |T|=10, is 2·109
variables and 6·1010 constraints.
As a result of the above, solving the proposed formulation
realistic backbone networks, such as the one described in
commercial solvers. Consequently, we developed a heuristic
GRASP meta-heuristic that provides much better trade-off
complexity.

becomes impractical for
section 3.4, even using
algorithm based on the
between optimality and

3.3.3 GRASP-based heuristic algorithm
As presented in section 2.6, the GRASP meta-heuristic consists of two main phases: in
the constructive phase, a greedy randomized construction procedure is used to build a
feasible solution; in the local search phase the solution built in the first phase is
improved until a local optimum is found. GRASP algorithms have been successfully
applied to solve networking problems (e.g., [Ca12]).
Table 3-2 presents the pseudocode of the GRASP-based algorithm to solve the INCA
problem. It receives the extended graph Gx, the set of demands and scenarios computed
as described in section 3.3.2, the inventory represented by sets T and R, the α parameter
used in the constructive phase, and the INCA selector ρ. The algorithm assigns a greedy
cost defined in eq. (3-12) to every scenario (lines 2-3 in Table 3-2); costs will be used
during the constructive phase.
c(q ) =

∑p

d ∈D ( q )

d

⋅ bd

(3-12)

Next, the metric of every link is set to one if it is already installed and to a high value
(e.g., the cardinality of set E) if the link is not yet installed in the network (lines 4-6).
Table 3-2 GRASP Algorithm
INPUT Gx(N, Ex), D, Q, T, R, α, ρ
OUTPUT BestSol, BestFitness
1: BestSol ← Ø; BestFitness ← ∞
2: for each q ∈ Q do
3:
c(q) ← computeGreedyCost(q) (eq. (3-12))
4: for each e ∈ Ex do
5:
if e ∈ L then e.metric ← |E|
6:
else e.metric ← 1
7: for 1..maxIter do
8:
G’x ← Gx
9:
<Sol, pfm> ← doConstruct(G’x, D, Q, T, R, α, ρ)
10:
if pfm ≥ thr then
11:
<Sol, fitness> ← doLocalSearch(Sol)
12:
if fitness < BestFitness then
13:
BestSol ← Sol; BestFitness ← fitness
14: return <BestSol, BestFitness>
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A number of iterations are run, each generating a solution (lines 7-13). At each
iteration, a copy of the extended graph is created (line 8) and used to construct a
solution (line 9). If the solution is feasible, a multi-start local search procedure is used to
find a local optimal solution (line 11), which is stored provided that improves the best
solution found so far (lines 12-13). The best solution and its fitness value are eventually
returned (line 14).
The constructive algorithm is presented in Table 3-3. It starts initializing the computed
performance metric variable pfm (line 1 in Table 3-3). The algorithm randomly selects
one scenario from a restricted candidate list (RCL), governed by parameter α in the real
interval [0,1]. The RCL contains those scenarios with the best quality (highest greedy
cost) (lines 3-6). If the Rw-INCA scheme has been selected, the demands in the scenario
have to be previously deallocated to release resources whilst the failed link is removed
to prevent using it (lines 7-11).
The RSA problem [Ve14.2] is then solved for every demand in the selected scenario
(lines 12-18). If the route uses any link not yet active in the network, the link is added to
the solution being built and its metric is reset to facilitate reusing it to support other
demands. Next, the inventory is revisited to reserve line-cards and card slots. If the
inventory gets exhausted, the set of extended links is modified accordingly.
Table 3-3 GRASP Constructive Algorithm
INPUT G, D, Q, T, R, α, ρ
OUTPUT Sol, pfm
1: Sol ← Ø; pfm ← 100%; CL ← Q
2: while Q ≠ Ø do
3:
cmin ← min{c(q) : q ∈ CL}
4:
cmax ← max{c(q) : q ∈ CL}
5:
RCL ← {q ∈ CL: c(q) ≥ cmax - α·(cmax – cmin)}
6:
Select a scenario q from RCL at random
7:
if ρ = Rw-INCA then
8:
pfm ← 100%
9:
sort(D(q), bd, DESC)
10:
for each d ∈ D(q) do deallocate(G, d.p)
11:
Ex ← Ex \ {q.e}
12:
for each d ∈ D(q) do
13:
d.r ← RSA(G, d)
14:
for each e ∈ d.r do
15:
if NOT e.active then
16:
e.metric ← 1; e.active ← true
17:
if NOT update(G, T, R) then d.r ← Ø
18:
else Sol ← Sol U {e}
19:
if d.r ≠ Ø then allocate(G, d.r)
20:
else
21:
pfm ← updatePerformance(pfm, d)
22:
if pfm < thr then return <Ø, pfm>
23:
CL ← CL \ {q}
24:
if ρ = Rw-INCA then
25:
Ex ← Ex U q.e
26:
for each d ∈ D(q) do reallocate(G, d.p)
27: return <Sol, pfm>

Chapter 3 – Incremental Capacity Planning

37

The demand is then allocated in the network to reserve resources, provided that a
feasible route and spectrum allocation was found (line 19). Otherwise, the performance
metric is recomputed and, if it gets under the threshold, the solution is marked as
infeasible and returned (lines 20-22). Next, the set of unvisited scenarios is updated
(line 23). When all the demands in a scenario have been processed, the failed link is
repaired and demands are reallocated using their original resources (lines 24-26).
Finally, the solution, i.e., the set of links to be activated, together with the computed
performance metric are returned.
Due to the fact that a feasible solution resulting from the constructive phase has no
guarantee of being locally optimal, GRASP heuristics apply a local search procedure
starting at Sol in the hope of finding a better solution in its neighborhood (N(Sol)). The
proposed local search procedure explores N(Sol) containing those feasible solutions that
can be reached from Sol by removing one of the links to be activated. Pw-INCA sorts the
new links in ascending order of the number of scenarios using each link, whereas RwINCA sorts them in ascending order of the maximum load under any scenario. The
procedure iterates over each link from the solution, looking for a feasible solution not
including the link activation. In such case, the link is removed from the solution and the
solution is sorted again.
Once the GRASP heuristic returns a solution, the assignment problem needs to be
solved to decide line-cards to nodes matching minimizing transportation costs. This
problem can be solved by applying the Hungarian method [Sc03].

3.4

Exhaustive simulation results

In this section, we first evaluate the proposed heuristic algorithm and in view of it
provides near-optimal solution, it is used to solve the INCA problem in our simulator.
Illustrative simulation results are presented evaluating the performance of the proposed
on-demand planning over a realistic network topology.
We implemented the INCA ILP formulation in section 3.3.2 using CPLEX [CPLEX] and
solved several instances for a given set of test networks with 8 nodes. A fixed spectrum
of 1 THz was considered. For each network, 100 Gb/s demands were generated until
reaching 1% blocking probability. CPLEX execution time was limited to 10 hours and
the optimality gap was set to 1%.
For those instances where the optimal solution was found, the heuristic reached the
optimal solution with solving times 4 orders of magnitude lower than solving the ILP.
For those where CPLEX did not reach an optimal solution after 10 hours, the heuristic
found solutions adding one fiber link in solving times in the order of tens of
milliseconds, being the obtained solutions better or equal than those obtained by
CPLEX.
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Let us evaluate the performance of Pw-INCA and Rw-INCA algorithms through
simulation. Monitoring runs at fixed intervals (monthly) and evaluate the performance
metrics. For Pw-INCA, the maximum blocking probability was set to 0.5% (i.e.
thr=99.5%), whilst for Rw-INCA the restorability threshold was set to 95%. The
performance of the Pw-INCA and Rw-INCA algorithms evaluated monthly is compared
to solving the INCA problem using forecast traffic for the next year (assuming that the
traffic forecasting method perfectly anticipates not only traffic load but also its
distribution). It is clear that installing the capacity beforehand will result in better
performance than installing the capacity as soon as it is really needed, since
performance degradation needs to be detected and installation procedures have to be
executed. Notwithstanding, we target at quantifying that expected improvement and
finding its associated cost. In addition, for the sake of comparison, the performance from
adding no additional capacity was also simulated.
We developed an event-driven simulator in OMNeT++ to simulate a dynamic network
environment, where nodes generate connection requests following a Poisson process.
The holding time of the requests is exponentially distributed with a mean value equal to
10 days. For each request arriving node, the destination node is randomly chosen with
equal probability (uniform distribution) among all nodes. Different loads are created by
changing the arrival rate while keeping the mean holding time constant. We considered
the realistic 30-node 56-link Telefonica national network depicted in Fig. 3-2 and
simulated 10 years, where the traffic load was increased 25% per year (in monthly
periods).
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Fig. 3-2 Telefonica national network.
Blocking probability and restorability are computed in a monthly basis. Fig. 3-3
presents the obtained blocking probability along the considered period. Fig. 3-3a plots
results for the Pw-INCA algorithm, when it was run monthly after monitoring traffic
and when it was run at the beginning of each year, based on perfect traffic estimations.
As shown, the overall blocking is too high for the monitoring-based Pw-INCA approach,
where peaks of 1.5% blocking can be observed. Blocking peaks of 0.5% can be observed
even when the capacity is added at the beginning of year; these peaks reflect the
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difficulty of translating current traffic distribution into a set D. When new links are
added, however, blocking drops to virtually zero. Note also that blocking probability
increases rapidly during the last year as a result of inventory exhaustion, so we will
ignore that year for the rest of the analysis. Blocking when no incremental capacity is
performed is also plotted in Fig. 3-3a-b for reference. As expected, adding no capacity
results in an unacceptable blocking after the first year.
Interestingly, the results for the Rw-INCA algorithm (Fig. 3-3b) show a constant closeto-zero blocking probability, both for the monitored-based monthly-run, where the
highest blocking peak is under 0.15%, and the yearly options.
Plots in Fig. 3-4a-b present the results for restorability. Results for the Pw-INCA
algorithm in Fig. 3-4a show poor restorability even for the yearly based option, since the
capacity is added without considering restorability. As an example, the worst
restorability for the yearly options drops to only 78% and that for the monthly option to
65%. Conversely, the results for the Rw-INCA algorithm in Fig. 3-4b show that
restorability is virtually 100% for the yearly option and no worse than 98% for the
monthly one.
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Fig. 3-3 Blocking probability against time: Provisioning-wise (a) and Recovery-wise (b).
Let us now compare the capacity added by INCA options; Fig. 3-5 plots the accumulated
added capacity. It is clear that if traffic estimations are perfect, as it is assumed here,
the yearly based INCA planning algorithm will install exactly the same capacity at the
beginning of each year that their monthly counterparts. In addition, plots in Fig. 3-5
reveal that the Rw-INCA scheme installs more capacity than the Pw-INCA one; that is
another reason behind their better performance.
It is interesting quantifying the amount of extra capacity that are installed by the
yearly options. Note that each new link added requires installing two line-cards, that
otherwise will be even not purchased until really required if a JIT-based restocked
technique for spare line-cards is applied.
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Fig. 3-4 Restorability against time: Provisioning-wise (a) and Recovery-wise (b).
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Fig. 3-5 Added links vs. year (c).
Thus, aiming at a fairly comparison, we define cards-year as the unit to measure the
number of line-cards installed in the network during a time period. Note that increasing
the amount of cards-year entails more CAPEX for the network operator. In addition,
assuming that monthly and yearly options provide a comparable performance, the
difference in cards-year represents the added capacity that it is not strictly needed.
Table 3-4 presents the increment in cards-year for the yearly option under the Pw-INCA
and the Rw-INCA schemes. The amount of not needed capacity is remarkably high,
which gives value to the on-line option. Note that the installed capacity can be even
higher extra capacity is needed as a result of not perfect traffic estimations.
Finally, let us study the impact of the time to install new capacity on the performance of
the Pw-INCA and the Rw-INCA schemes under the monthly option. Fig. 3-6 plots worst
and average values of blocking and restorability as a function of the installation time.
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Although some variations are shown under the Pw-INCA scheme, no clear influence of
installation time can be observed for any scheme, provided that planned capacity is
installed before the next month, which entails a really straightforward constraint.
Table 3-4 Cards-year increments
Year #
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Fig. 3-6 Blocking prob. (a) and restorability (b) against installation time.

3.5

Conclusions

Huge changes in the traffic to be transported by backbone optical networks, not only in
volume but also in its distribution and dynamicity due to the introduction of new
services, are forecast for the next few years. Hence, efficient planning methods are
needed to increment the capacity of optical networks aiming at meeting performance
metrics (blocking probability and restorability). By planning the network periodically,
e.g., yearly, new capacity can be installed to cope with the forecast traffic for the next
period. Nonetheless, periodical planning needs from predictions as exact as possible for
the expected traffic volume and distribution, which, although feasible for static traffic
scenarios, is unreal when dynamic traffic is considered.
In view of that, planning the network on-demand was proposed in this thesis by solving
the incremental capacity planning (INCA) problem to add new capacity when
performance starts dropping as a result of traffic changes. The INCA problem was
formally stated and formulated as an ILP. In view of its complexity and size, a heuristic
algorithm to provide near optimal solutions in practical computation times was
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proposed. Two schemes to solve the incremental capacity planning (INCA) problem were
proposed; i) Pw-INCA that focuses on blocking probability and ii) Rw-INCA that centers
on restorability.
The performance of Pw-INCA and Rw-INCA schemes was evaluated through simulation
on a real national backbone network. Monitoring run monthly and evaluated the
performance metrics. Periodical planning was also simulated, where capacity was added
at the beginning of each year based on solving the INCA problem using perfect traffic
estimations for the next year.
Results showed that the Pw-INCA provides peaks of high blocking and low restorability,
even when the capacity is added beforehand. However, the Rw-INCA scheme showed a
close-to-zero blocking probability and virtually full restorability. Comparing the capacity
added by INCA schemes, the Rw-INCA scheme installed more capacity than the PwINCA one. To quantify the amount of extra capacity installed the cards-year unit was
defined. It was shown that up to 14 cards-year of capacity was required by periodical
planning with respect to on-line INCA, thus demonstrating the potential savings of our
proposal.
Next chapter moves up in the multilayer network model and focuses on adapting the
virtual topology to changes in the traffic.

Chapter 4.
Virtual Network Topology
Adaptability
This chapter faces goal G.2, focused on adapting the virtual network topology
(VNT) based on the predicted traffic. We propose the VNT reconfiguration
approach based on data analytics for traffic prediction (VENTURE) that regularly
reconfigures the VNT based on predicted traffic thus, adapting the topology to both,
the current and the predicted traffic volume and direction. A machine learning
algorithm based on artificial neural network (ANN) is used to provide robust and
adaptive traffic models. The reconfiguration problem that takes as input the traffic
prediction is modelled mathematically and a heuristic is proposed to solve it in
practical times. Exhaustive simulation results are finally presented.

4.1

Introduction

Static VNTs have been commonly designed to cope with the off-net traffic forecast.
However, the introduction of the cloud infrastructure in the telecom operator’
networks to create the telecom cloud [Ve15] facilitates the introduction of new
types of service (e.g., live-TV and video distribution [Ru16]), which require large
bitrate connectivity and causes changes in the direction of the traffic along the day
in metro and even core network segments. This, together with the overall traffic
increment that operators’ networks are needing to deal with year after year entails
that static packet network topologies were largely overprovisioned thus, increasing
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network total cost of ownership (TCO). In view of that, network operators are
looking for more efficient architectures able to reduce TCO, while providing the
required grade of service. To that end, VNT need to be dynamically adapted not
only to variations in volume, but also to changes in the direction of the traffic.
To automate VNT adaptability, traffic needs to be monitored in the packet nodes
and counters be accessible by the operation, administration and maintenance
(OAM) Handler. In particular, the disaggregated traffic volume forwarded by each
packet node to every other destination node should be available. In addition,
notification can be also triggered when the used vlink capacity reaches some
configured threshold (e.g., 90%). In fact, threshold triggered VNT reconfiguration
was proposed in [Ag15].
However, the number of transponders to be installed tends to be as high as in a
static VNT since dimensioning must be done to cope with the maximum of daily
traffic forecast during a planning period (e.g., one year). In view of that, we propose
an alternative approach to adapt the VNT based on traffic prediction that can
reduce the number of transponders to be deployed in scenarios were traffic
variations are as a result of changes in the traffic directionality.
Because of its benefits, VNT reconfiguration has been widely studied in the
literature. Authors in [Agr09] proposed a centralized path reallocation module
running periodically aiming at minimizing the number of used transponders. To
follow traffic changes, authors in [Ge03] proposed to add/remove one single
lightpath each time the VNT is reconfigured. Another topic is using monitored data
to produce estimations that can help to anticipate changes in the traffic and
proactively reconfiguring the VNT beforehand. In that regard, authors in [Oh10]
proposed a method for reducing errors in traffic estimations, while authors in
[Fer15] used estimated traffic to predict pre-defined scenarios.
VNT reconfiguration requires from powerful algorithms to analyze large amounts
of traffic monitoring data to anticipate, when possible, to traffic changes. In this
thesis, we propose using big data analytics to periodically (e.g., every hour) predict
traffic. In case the VNT needs to be reconfigured, predicted traffic is used as input
of a VNT optimizer that finds the topology for the next period thus, implementing a
decision making process based on the observe-analyze-act loop [Bo76]. Specifically,
the contributions of this thesis are the following:
1. targeting at producing accurate traffic forecast, in section 4.3 we devise a
robust and adaptive artificial neural network (ANN) model;
2. the VNT reconfiguration problem based on traffic prediction is formally
stated and formulated as an ILP model in section 4.4. In view of the
complexity of the problem, a heuristic algorithm providing better trade-off
between complexity and optimality is finally designed;
The discussion is supported by the results from exhaustive simulation over a
realistic scenario in section 4.5.
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VNT Design and Reconfiguration Options

As introduced above, several approaches to design and dynamically reconfigure the
VNT can be devised. In this section let us first review two of them: i) the static
VNT design and ii) the threshold-based VNT capacity reconfiguration.
In the static VNT design, the topology is designed and dimensioned to cope with
the maximum of daily traffic forecast for every origin-destination (OD) pair during
a planning period. The resulting topology is thus, capable of supporting the traffic
at any time during that period provided a perfect traffic forecast. Fig. 4-1 presents
an example for a seven-node VNT, where the capacity of every vlink supports the
maximum daily traffic volume. For illustrative purposes, the plot in Fig. 4-1a
shows the variability in link 6-1 that needs to be dimensioned with a capacity of
200 Gb/s. Fig. 4-1b shows the resulting VNT with the capacity of every vlink. It is
clear, in view of Fig. 4-1a that the main drawback of the static VNT design is the
huge over-provisioning since most of the available capacity in the VNT will remain
underutilized along the day.
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Fig. 4-1 Static VNT design.
To reduce capacity over-provisioning, that of the vlinks can be adapted over time
instead of allocating a constant amount of resources. Let us assume that the
capacity of the existing vlinks can be increased and decreased to follow the traffic
variations but no new vlinks can be created or removed, keeping hence the VNT
invariant. Traffic can be monitored at IP routers and when the amount of traffic
through a vlink reaches some threshold (e.g., 90%) the network controller can
increase the capacity of such vlink by setting-up a parallel lightpath between the
two IP routers; conversely, unused capacity can be released by tearing down
lightpaths.
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Fig. 4-2 Threshold-based VNT capacity reconfiguration.
The example in Fig. 4-2a presents monitored traffic data captured during the last
two hours in node 6, where traffic from that node to every other node in the VNT
(labelled as 6→N), from node 6 to node 7 (6→7), and from node 6 to every other
node except to node 7 (6→N\{7}) is plotted. Fig. 4-2b shows the initial VNT where
every vlink is supported by a 100 Gb/s lightpath in the underlying optical layer; the
IP/MPLS path for OD 6-7 is also shown. A 90% threshold is configured and, in the
event of threshold violation, the capacity of some vlinks is increased. In our
example, two threshold violations for vlinks 1-6 and 1-7 are received, so the VNT
capacity is updated (Fig. 4-2c). It is worth noting that IP/MPLS path for OD 6→7 is
not affected by the VNT reconfiguration. As shown in the example, the thresholdbased reconfiguration is able to adapt the VNT capacity to traffic changes, so
resources in the optical layer are allocated only when vlinks need to increase their
capacity. However, the same number of transponders as in the static VNT design
approach need to be installed in the IP routers; for instance, in the example in Fig.
4-2 two transponders are installed in routers 6 and 7 and four more in router 1
reserved for vlinks 1-6 and 1-7.
Let us assume now that, instead of monitoring vlink capacity usage, OD traffic is
monitored in the routers. Indeed, analyzing the plots in Fig. 4-2a we realize that
traffic 6→7 is responsible for the registered traffic increment. In this case, let us
assume that new vlinks can be created and/or removed in addition to increasing
the capacity of the existing ones, so the VNT is actually changed. We propose an
approach where OD traffic is periodically analyzed and the current VNT is
reconfigured accordingly. An example following this approach is illustrated in Fig.
4-3, where the OD traffic 6→7 is analyzed at t=60 and a maximum value (e.g., 90
Gb/s) is predicted for the next hour. Then, a new vlink between nodes 6 and 7 can
be created by establishing a lightpath on the optical layer and traffic 6→7 rerouted
(Fig. 4-3b). Note that this solution reduces two transponders to be installed in
router 1 compared to the previous approaches. It is clear that this reduction will
happen when the amount of traffic is large enough. In particular, when the amount
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of traffic exceeds the capacity of the installed transponders (e.g., 100 Gb/s) direct
vlinks can be created for part of that traffic, while the residual part could be routed
through a different IP/MPLS path.
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Fig. 4-3 VNT reconfiguration.
In order to adapt the VNT to changes in the traffic, we propose a predictive model
built upon the monitored OD traffic data. For every OD pair, meaningful statistical
values are predicted (e.g., the maximum bitrate for the next hour) and used to
adapt the VNT to meet the future traffic matrix, assuming that every OD traffic
can be conveyed through two IP/MPLS paths at the most. We call this approach as
VNT reconfiguration based on traffic prediction (VENTURE).

4.3

Data analytics-based VNT adaptation

In this section, we present the proposed modules and the machine learning
procedure for the VENTURE approach. We assume that traffic monitoring data is
collected at the edge IP routers at regular intervals, e.g., every 15 minutes. Every
edge router collects a set of samples for the traffic to every other destination router,
which is stored in a collected data repository (Fig. 4-4). Note that since we focus on
OD traffic monitoring, |N|·(|N|-1) traffic samples need to be stored at every
monitoring interval, where |N| is the number of routers.
Following a predefined time period, e.g., every hour, a time series from the
collected data repository is retrieved for each OD pair and pre-processed applying
data stream mining sketches to conveniently summarize collected data thus,
producing modeled data representing the OD pair that is stored in a modeled data
repository. Modeled data includes, among others, for every OD the minimum,
maximum, average, and last collected bitrate within the hour.
The set of modeled variables for the current period t is stored in a repository
together with variables belonging to previous periods. A prediction module based
on machine learning techniques generates the OD traffic matrix predicted for the
next period that is used by a decision maker module to decide whether the current
VNT needs to be reconfigured. In case that a reconfiguration needs to be
performed, the current and the predicted OD traffic matrices are provided to the
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VNT optimizer to adapt the VNT. Once the algorithm finds a solution, the network
controller would be responsible of implementing the changes in the data plane.
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Fig. 4-4 Applying the OAA loop for VNT reconfiguration.
The prediction module consists of ANN-based models [Em08], selected because of
its inherent capability of adapting to traffic changes in a non-supervised manner;
we consider different ANNs to separately predict the traffic of each OD pair. Each
ANN receives as input p previous maximum bitrate measures of the corresponding
OD pair from the modeled data repository and returns its expected maximum
bitrate at time t. Note that considering maximum instead of average bitrate allows
adapting the VNT to the maximum expected traffic hence, ensuring a better grade
of service.
Since the size of an ANN depends on the number of inputs, hidden layers and
neurons, we consider ANN models with p inputs, s neurons in a single hidden layer
and one output. Consequently, s·(p+1) coefficients need to be found to specify every
ANN. Aiming at keeping the number of coefficients small, we designed the
algorithm in Fig. 4-5 that has to be triggered every time an ANN needs to be
refitted. It consists of three phases: i) input data pre-processing, ii) selection of
significant inputs, and iii) dimensioning of the hidden layer.
In the first phase, a time series X with the maximum bitrate for the selected OD
pair is retrieved from the modelled data repository. The auto-correlation function

Section 2 – The VENTURE problem

49

(ACF) is applied to X and a list of lags is returned, where the i-th lag contains the
average correlation between every value in the time series and its i-th previous
value. Based on the lags analysis, a method is triggered to detect whether a
periodic repetitive (seasonal) pattern is observable in X [Ha94]. The resulting
period per defines the number of inputs of the ANN; in case of non-seasonal data
without observable periodical behavior, we assume per=24 (i.e. one day) for
convenience. Once per is obtained, X is transformed into a dataset D used for ANN
fitting. Every row in D corresponds to a time t within the time series and every
column corresponds to a lag within per.
Start
i) pre-processing
X←getModelled
MaximumTS(o)

lags←ACF(X)

sort(lags, “ACF”)

per←findPeriod(lags)
Return W*

D←TStoDS(X,per)
ii) input selection

iii) hidden layer dimensioning

minAIC=∞
s=1

s++

<W,aic>←ANN(D,s)

aic<minAIC?

no

yes

minAIC←aic
W* ← W; D* ← D
D.removeCol(lags[1].col)
lags.pop(1)

<W,aic>←ANN(D*,s)

aic<minAIC?

no

yes

minAIC←AIC
W* ← W

Fig. 4-5 Self-learning ANN fitting algorithm.
The second phase is an iterative procedure that finds the ANN with the best tradeoff between accuracy and number of inputs. This trade-off is captured numerically
by the Akaike Information Criterion (AIC) [Em08]. Starting with p=per, the ANN
routine fits an ANN from dataset D and returns the corresponding AIC value.
While the AIC value obtained improves the lowest one obtained so far, the best
ANN is stored and p is decremented effectively removing one input. Aiming at
reducing the complexity of selecting the input to be removed, we select the lag with
lowest ACF. When the minimum AIC is reached, the third phase is executed to
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increase even more the accuracy of the model by adding hidden neurons until the
AIC does not improve. The best ANN is eventually returned.
We face next the VNT reconfiguration (VENTURE) problem.

4.4

The VENTURE problem

In this section, we first formally state the VENTURE problem and devise an ILP to
model it. In light of the complexity of the problem, a heuristic algorithm is
eventually devised.

4.4.1 Problem Statement
The VENTURE problem can be formally stated as follows:
Given:
•

•

the current VNT represented by a graph G(N, E’), being N the set of routers
and E’ ⊆ E the set of current vlinks. Set E is the set of all possible vlinks
connecting two routers.
the set P with the transponders available in the routers; every transponder
with capacity B.

•

the current traffic matrix D.

•

the predicted traffic matrix OD. The bitrate bo of OD pair o must be served
following one single path. Only in the case that bo is enough to fill
transponders with an amount over a given boundary usage tbu, the bitrate
of pair o can be split into two flows and served through different paths.

Output: The reconfigured VNT G*(N, E*), where E*⊆ E, and the paths for the traffic
on G*.

Objective: Maximize current and predicted served traffic matrices, whilst
minimizing the total number of transponders used.

4.4.2 Mathematical formulation
Note from the problem statement that both, the current and the predicted traffic
matrices must be served. Consequently, we generate an input traffic matrix OD,
where every pair o is the maximum of both, the current and the predicted traffic. In
addition, although the number of paths that can be used to serve every OD pair is
limited to two, for the sake of generality, a parameter ko for every pair o will be
used.
The following sets and parameters are defined:
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Topology:
N

set of routers, index n.

E

set of all possible vlinks, index e.

E+(n)

subset of E with vlinks outgoing from router n.

E-(n)

subset of E with vlinks incident in router n.

Traffic:
OD

set of origin-destination pairs, index o. Every pair o is defined by the tuple
<so, to, do, bo>, where so and to specify the source and target nodes, do the
currently served bitrate and bo the maximum of current and predicted
bitrate to serve for pair o, respectively.

ko

maximum number of paths to serve pair o.

Equipment:
P

set of transponders, index p. Every transponder consists of one transmitter
(tx) and one receiver (rx).

P+(n)

subset of tx transponders in router n.

P-(n)

subset of rx transponders in router n.

P(n)

subset of transponders in n. P(n) = P+(n) U P-(n).

B

capacity of every transponder.

The decision variables are:
xp

binary, 1 if transponder p is used, 0 otherwise.

xpe

binary, 1 transponder p is used to support vlink e, 0 otherwise.

xoke

integer, fraction of bitrate of pair o served through path k using vlink e.

zoke

binary, 1 if pair o is routed using path k through link e, 0 otherwise.

yn

integer+, number of transponders used at router n.

vo

integer+, fraction of unserved bitrate of pair o.

Then, the proposed ILP formulation is as follows:
(VENTURE)

min (| P | +1)· ∑ vo + ∑ yn
o∈OD

subject to:

n∈N

(4-1)
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∑z

oke
e∈E + ( n )

−

1

= 0

− 1

∑z

oke
e∈E − ( n )

xoke ≤ bo ⋅ zoke

xoke ≤ xok

∀o ∈ OD, k = 1..ko , e ∈ E

∀o ∈ OD, k = 1..ko , e ∈ E

xok − bo ⋅ (1 − zoke ) ≤ xoke
ko

∑x
k =1

ok

ko

∑x
k =1

ok

+ vo ≥ bo
≥ do

ko

∑ ∑x

o∈OD k =1

oke

ko

∑ ∑x

o∈OD k =1

oke

∀o ∈ OD, k = 1..ko , n = so
∀o ∈ OD, k = 1..ko ,
n ∈ N \ {so , to }
∀o ∈ OD, k = 1..ko , n = to

∀o ∈ OD, k = 1..ko , e ∈ E

∀o ∈ OD

∀o ∈ OD

≤ B⋅

(4-3)
(4-4)
(4-5)
(4-6)

(4-7)

∑x

pe

∀e = (i, j ) ∈ E | i, j ∈ N

(4-8)

∑x

pe

∀e = (i, j ) ∈ E | i, j ∈ N

(4-9)

p∈ P + ( i )

≤ B⋅

(4-2)

p∈P − ( j )

∑x

pe

≤ x p ∀n ∈ N , p ∈ P + (n)

(4-10)

∑x

pe

≤ x p ∀n ∈ N , p ∈ P − (n)

(4-11)

∑x

p

≤ yn ∀n ∈ N

(4-12)

∑x

p

≤ yn ∀n ∈ N

(4-13)

+

e∈E ( n )

e∈E − ( n )

+

p∈P ( n )

−

p∈P ( n )

The multi-objective cost function (4-1) minimizes both, unserved traffic and used
transponders, where the highest cost corresponds to the first term.
The network flow constraints in (4-2) define paths on the topology for every OD
pair. Each of these paths has a continuous capacity assignment along its route, as
imposed by constraints (4-3)-(4-5). Notwithstanding constraint (4-6) allows serving
only a fraction of the total capacity bo of every OD pair; that fraction has to include
at least the currently served bitrate as stated in constraint (4-7). Note that optimal
solutions might include loops that they can be safely removed in a post-processing
phase.
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Constraints (4-8)-(4-13) deal with transponder equipment. Constraints (4-8) and
(4-9) assign transmission and reception transponders to vlinks, respectively to
support the capacitated paths. Constraints (4-10) and (4-11) prevent from assigning
one transponder to multiple vlinks. Finally, constraints (4-12) and (4-13) compute
the maximum between the number of transponders used for transmission and
reception at every node, which represents the number of transponders to be
installed in every router.
ILP problems belong to the NP-complete complexity class, as proven in [St82]. The
size of the proposed formulation is O(|N|4+|P|·|N|2) variables and
O(|N|4+|P|·|N|) constraints. As an example, the size of the above formulation for
the network instance with ko=2 and 14 nodes presented in section 4.5 is of 2·105
variables and 105 constraints. As a result, solving the proposed formulation
becomes impractical for realistic scenarios even using commercial solvers; in our
tests, solving times were longer than 10h. Consequently, we developed a heuristic
algorithm that provides much better trade-off between optimality and complexity.

4.4.3 Heuristic algorithm
We devise a heuristic algorithm to solve the VENTURE problem consisting of three
phases; the pseudocode is presented in Table 4-1. After deallocating current traffic
and releasing used resources (lines 2-5 in Table 4-1), bitrate bo of OD pairs is split
into two different flows and stored in set Q: flow go carries bitrate enough to fill
transponders with an amount over tbu and flow lo carries the remaining bitrate;
these flows will be routed through different paths (lines 6-7). Next, the first two
phases focus on routing every flow go through the direct vlink connecting source
and destination routers (lines 8-9); set F stores the path of the flows. The first
phase selects those flows for which a direct vlink already exists in the current VNT
and the second phase does the same for the rest of flows thus, creating new direct
vlinks. After these two phases, the residual bitrate uo is checked and stored in set
U. If all traffic has been already served, the algorithm ends (lines 10-12);
otherwise, OD pairs are sorted by the amount of unserved bitrate and the third
phase eventually routes the unserved bitrate by possibly increasing the capacity of
existing vlinks or by adding new ones (line 13) and the reconfigured VNT and the
new routing are eventually returned.
The algorithm for the first phase is detailed in Table 4-2. The uncapacitated
original topology is used to route flows go through an existing direct vlink so as to
introduce inertia to the changes in the current topology (line 3 in Table 4-2). The
number of transponders to be allocated in the end routers of the direct vlink is
computed as the minimum between the amounts of transponders needed to allocate
go and the unused transponders (lines 4-7); those transponders are allocated to add
capacity to the direct vlink (line 8) and a shortest path is computed on the resulting

53

54

Designing and Dimensioning Networks According to Traffic Needs

VNT (line 9). In case that a path is found (i.e., capacity was added to the direct
vlink), the path is allocated and the amount of served bitrate reduced from the one
requested (lines 10-13). The updated set Q and the found paths stored in set F are
eventually returned (line 14).
Table 4-1 Main Algorithm
INPUT G(N,E’), D, OD, B, thr
OUTPUT G*, F
1: Q ← Ø, U ← Ø
2: for each d ∈ D do dealloc(G, d)
3: for each e ∈ E’ do
4:
setCapacity(e, 0)
5:
releaseTransponders(e)
6: for each o ∈ OD do
7:
Q ← Q U {<o, go, lo> = splitOD(o, B, thr)}
8: <Q, F’> ← PhaseI(G, Q)
9: <G’, Q, F’’> ← PhaseII(G, Q)
10: for each q ∈ Q do
11:
U ← U U {<o, uo = go + lo>}
12: if U = Ø then return <G’, F’ U F’’>
13: <G*, F’’’> ← PhaseIII(G’, U, thr)
14: if F’’’ = Ø then return INFEASIBLE
15: return <G*, F’ U F’’ U F’’’>

Table 4-2 Phase I Algorithm
INPUT G(N,E), Q
OUTPUT Q, F
1: F ← Ø
2: for each q ∈ Q do
3:
if e = (so, to) ∉ E OR go = 0 then continue
4:
no ← ceil(go / B)
5:
ns ← getNumUnusedTransponders(so, P+)
6:
nt ← getNumUnusedTransponders(to, P-)
7:
n ← min{no, ns, nt}
8:
allocateTransponders(e, n)
9:
f ← SP(G, o, go)
10:
if f ≠ Ø then
11:
allocate(G, f)
12:
F ← F U {f}
13:
go ← go – f.b
14: return <Q, F>

The second phase is similar to the first phase, but for flows go through non existing
direct vlink. New capacitated direct vlinks are thus, added to the topology to
support those flows.
In the third phase, the current topology is extended to a full mesh topology by
adding uncapacitated vlinks (lines 2-4 in Table 4-3). Next, a randomized routing
procedure is run for a given number of iterations (lines 6-31); at every iteration, the
initial extended topology and the unserved bitrate are cloned and the latter
randomly sorted, giving higher priority to flows with higher remaining traffic (lines
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7-12). Those flows with unserved bitrate are routed using one single path (lines 1316).
Aiming at minimizing the number of used transponders, link metrics are set
proportional to the number of transponders needed to allocate the remaining
capacity of the current flow (line 15). If no path is found, the corresponding cost is
added to the iteration cost (lines 17-19); otherwise, in case the path capacity does
not serve the remaining bitrate, we check whether the capacity of its links can be
increased using the available resources (lines 20-22). Finally, the path is allocated
and the remaining bitrate of the flow is updated, as well as the iteration cost (lines
23-26).
Table 4-3 Phase III Algorithm
INPUT G(N, E), U, thr
OUTPUT G*(N, E*), F
1: G*(N, E*) ← G(N, E); F ← Ø
2: for each e = (i, j) ∉ E | i, j ∈ N do
3:
E* ← E* U {e}
4:
setCapacity(e, 0)
5: bestCost ← +∞
6: for ite = 1..maxIter do
7:
iteUnserved ← 0
8:
Gite ← G
9:
Uite ← U
10:
Fite ← Ø
11:
for each u ∈ Uite do u.order ← rand(0,1)*uo
12:
sort(Uite, u.order, DESC)
13:
for each u ∈ Uite do
14:
if uo = 0 then continue
15:
updateMetrics(Gite, uo)
16:
f ← SP(Gite, o, uo)
17:
if f = Ø then
18:
iteCost ← iteCost + uo*(|P|+1)
19:
continue
if f.b < uo AND canIncreaseCap(f, Gite, uo) then
20:
increaseCap(f, Eite, uo)
21:
f.b ← uo
22:
Fite ← Fite U {f}
23:
allocate(Gite, f)
24:
uo ← uo – f.b
25:
iteCost ← iteCost + uo*(|P|+1)
26:
<G
27:
ite, Fite> ← doLocalSearch(Gite, Fite)
iteCost
← iteCost + numUsedTransponders(Gite)
28:
if iteCost < bestCost then
29:
bestCost ← iteCost
30:
<G*, F> ← <Gite, Fite>
31:
return
<G*, F>
32:
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Once a solution has been built, a local search procedure is executed (line 27) aiming
at finding a local minimum. The best topology and the found paths are returned as
final solution (lines 29-32).
The local search procedure tries to reduce the total number of used transponders
during the constructive phase. Since the number of transponders used in a node is
computed as the maximum between transmission and reception, this procedure
focuses on releasing transponders that actively contribute to that maximum at
every node. The algorithm is detailed in Table 4-4, where all current vlinks in the
VNT are processed (lines 2-20). The vlink with ports most actively contributing to
the cost function is selected along with the set of paths routed through it (lines 6-7).
This set is released from the VNT and sorted with respect to the bitrate (lines 811). Next, the set of paths is re-routed by possibly using new vlinks at zero
objective cost (lines 13-15). In case of a feasible solution, the VNT is updated with
these changes (line 20).
Table 4-4 Local Search Procedure
INPUT G(N,E), F
OUTPUT G*(N,E*), F*
1: G* ← G; F* ← F; Erem ← E
2: while Erem ≠ Ø do
3:
for each e ∈ Erem do
4:
e.balance ← computeTransponderBalance(e)
5:
sort(Erem, e.balance, DESC)
6:
e ← removeFirst(Erem)
7:
Fe ← getPaths(e)
8:
<Gaux, Faux> ← <G*, F*>
9:
release(Gaux, Fe)
10:
Eaux ← Eaux \ {e}
11:
sort(Fe, f.b, DESC)
12:
allRerouted ← true
13:
for each f ∈ Fe do
14:
recomputeZeroCostLinks(Gaux)
15:
f’ ← SP(Gaux, o, f.b)
16:
if f’ = Ø then
17:
allRerouted ← false; break
18:
allocate(Gaux, f’)
19:
Faux ← (Faux \ {f}) U {f’}
20:
if allRerouted then <G*, F*> ← <Gaux, Faux>
21: return <G*, F*>

4.5

Exhaustive simulation results

In this section, we first evaluate the proposed heuristic algorithm. In view of it
provides near-optimal solution, it is used to solve the INCA problem in our
simulator. Illustrative simulation results are presented evaluating the performance
of the proposed on-demand planning over a realistic network topology.
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For evaluation purposes, we implemented an event-driven simulator in OMNeT++
containing the modules described in Fig. 4-4. To measure the effect of volumetric
and directional changes in traffic, we implemented generators that inject traffic
following two pre-defined traffic profiles named as Users and Datacenter-toDatacenter (DC2DC) (see average daily evolution in Fig. 4-6a). In addition, some
random values around the average value are usually observed in real traffic. In
consequence, a function εt representing random variable traffic is also added. We
assume that εt follows a 0-centered normal (Gaussian) probability distribution, i.e.,
εt~N(0, σ2) where σ represents the standard deviation. In consequence, the daily
traffic profile of every OD pair can be defined as YOD(t) = f(t) + εt, where function f(t)
represents the average traffic profile.
Finally, the set of nodes was divided into two subsets to generate changes in the
direction of the traffic; ODs with destination one of the nodes in the first subset
follow the Users profile, while the others follow the DC2DC one. We consider a
scenario where a maximum of 26 × 100 Gb/s transponders per node are equipped.
With such configuration, the static and threshold-based approaches are applied to
a full-mesh 14-node VNT, where the initial capacity of each vlink ranges from 100
to 200 Gb/s.
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Fig. 4-6 Average daily traffic used in the simulation (a). ANN goodness-of-fit (b).
Results in Fig. 4-6b illustrate the average size and goodness-of-fit of ANN models.
Recall that during the input selection phase, the number of inputs p is decreased
aiming at minimizing the AIC value. We observe that the minimum AIC is on
average reached at p=4, being mainly selected those inputs from t-1 to t-4.
Results from the hidden layer dimensioning phase are shown in Table 4-5 for a
number of hidden neurons ranging from 1 to 3. Note that the minimum AIC is
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obtained for s=2, which results in an ANN model with 10 coefficients that
accurately predicts the output variable with a good trade-off between average and
maximum relative errors (2.64% and 9.55%, respectively).
Next, we compare the effect in the unserved traffic and the number of used
transponders under the threshold-based approach (we assumed 90% threshold)
that runs continuously and under the VENTURE one that it is triggered at fixed
intervals of one hour. For the sake of completeness, the static case where no
reconfiguration is performed is also included.
Fig. 4-7 presents the obtained blocking probability for the range of loads
considered; values for both, the static and the threshold-based approaches are
omitted since yield zero blocking probability. In the case of the VENTURE
approach, Fig. 4-7 plots the average and maximum blocking along a day. We
observe that maximum blocking probability is below 0.24%, while that on average
is virtually zero.
Fig. 4-8 analyzes the evolution of blocking probability during the day for a low and
high load, respectively. We observe that small peaks of blocking probability appear
related to abrupt changes in the injected traffic and last for a couple of hours at the
most, which is the time that VENTURE takes in fully adapting the VNT to traffic
changes with the specific configuration selected.
Transponder usage is reflected in Fig. 4-9 and Fig. 4-10. Fig. 4-9 plots the
maximum transponder usage as a function of the load for each approach. Both, the
static and the threshold-based approaches show a constant transponder usage for
loads lower than 0.5, which is increased from that load up. For low loads, the
capacity of vlinks in the fully- meshed VNT is 100 Gb/s in both cases and it is
increased to 200 Gb/s for high loads under the static approach. The threshold-based
approach, however, is able to manage the use of transponders by flexibly using
available transponders to increment the capacity of vlinks running out of capacity;
this way it achieves transponder savings up to 11% with respect to the static VNT
approach. Interestingly, transponder usage under the VENTURE approach scales
linearly with the load. Comparing VENTURE to the threshold-based approach, the
former obtains savings between 8% and 42%.
Table 4-5 Hidden layer dimensioning phase
s

AIC

1

Error (%)
avg

max

631.43

2.07%

10.44%

2

616.65

2.64%

9.55%

3

644.46

3.21%

10.68%
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Fig. 4-8 Blocking probability along one day for loads 0.48 (a) and 1.0 (b).
Fig. 4-10 focuses on the use of transponders along the day for the lowest and
highest loads for the three approaches. Apart from the constant transponder usage
in the static approach, we show the different usages of the threshold-based and the
VENTURE approaches. In particular, we observe how the VENTURE approach is
able to remarkably reduce up to 45% transponder usage at some hours, mainly
when the DC2DC traffic profile is dominant. On the other hand, in those hours
when Users traffic profiles dominate, transponder usage under VENTURE still
outperforms that of the threshold-based approach.
In conclusion, the VENTURE approach maximizes the overall utilization of
available transponders in two different ways: i) by reconfiguring the virtual
topology to follow traffic direction changes, and ii) by increasing the capacity of
vlinks when the traffic increases.

60

Designing and Dimensioning Networks According to Traffic Needs

Maximum used transponders

400
350
300
250
200
150
100

static
threshold-based
venture

50
0
0.25

0.5

0.75

1

Normalized load

Fig. 4-9 Maximum used transponders vs. load.
200

a)

b)

400

150

Normalized OD bitrate

Used transponders

350

100

50

300
250
200
150
100
50

0

0
0

2

4

6

8 10 12 14 16 18 20 22
Hour of the day

0

2

4

6

8 10 12 14 16 18 20 22
Hour of the day

Fig. 4-10 Used transponders along one day for loads 0.48 (a) and 1.0 (b).

4.6

Conclusions

An efficient approach, named as VENTURE, to adapt the current VNT to future
traffic conditions aiming at minimizing TCO has been proposed. The approach
consists in monitoring OD traffic in the IP/MPLS routers and applying data
analytics to learn predictive models that are used as inputs of a reconfiguration
problem. In particular, an ANN for every OD pair was proposed as a predictive
model along with an algorithm to obtain a highly accurate ANN using as few
coefficients as possible. The VENTURE reconfiguration problem was formally
stated and formulated as an ILP. In view of its complexity for short-term valid
solutions, a heuristic algorithm to provide near optimal solutions in practical
computation times was proposed.

Section 2 – The VENTURE problem

We compared the performance of VENTURE through simulation against the static
and the threshold-based approaches. We observed savings between 8% and 42% in
the number of transponders to be installed in the routers when the VENTURE
approach was applied. In addition, VENTURE is able to deactivate transponders
during low traffic hours thus, decreasing the energy consumption and releasing
lightpaths from the underlying optical layer, which contribute to a costs reduction.
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Chapter 5.
Closing Discussion
5.1 Main Contributions
The work presented in this MSc thesis contributes to extend the classical network
life-cycle presented in section 2.3 (see Fig. 2-6). Fig. 5-1 presents the proposed
augmented network life-cycle, where monitored data from the network is analyzed
and different kinds of planning algorithms can be triggered to either adapt the
network topology to the traffic load and/or meet target grade of service.
In this sense, the specific contribution of this thesis is two-fold:
•

First, incremental capacity planning was proposed to add new links when
the target performance drops. Note that although the installation of new
equipment may take days to complete, it becomes an intermediate way to
add capacity between planning cycles.

•

The second contribution is an in-operation planning method that
periodically reconfigures the VNT based on monitored-based traffic forecast.
This allows the VNT to be adapted to dynamic traffic scenarios.
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Fig. 5-1 Augmented network life-cycle.
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5.3 Topics for Further Research
The algorithms devised in this thesis will be used as a starting point for my PhD
thesis that will focus on exploring in-operation planning mechanisms based on data
analytics. In fact, I am currently working in another work related to VNT
reconfiguration, in this case triggered by the detection of a traffic anomaly.
As discussed in Chapter 4, the capacity of vlinks is increased by adding a parallel
lightpath when a threshold capacity is exceeded. The threshold value must be
configured in a way that traffic increments can be conveyed with the remaining
capacity while the new lightpath is being established (e.g., some minutes).
However, when the traffic experiments an abrupt increment in a short period of
time vlinks capacity might be exceeded and thus, traffic losses appear until the
new lightpath becomes available. In consequence, a prompt detection of traffic
anomalies becomes essential to trigger VNT reconfiguration so as to anticipate the
capacity for the traffic increment [Pe16.2].
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Optical
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Fig. 5-2 Initial VNT and OD 1→3 routing (a). Reconfigured VNT and OD pair 1→3
routing after traffic anomaly detection.
An example is shown in Fig. 5-2, where OD traffic is monitored (Fig. 5-2a) and a
traffic anomaly in OD pair 1→3 is detected. The VNT is reconfigured by creating
new vlink 1-3 and traffic is rerouted (Fig. 5-2b). As a result of the anticipated VNT
reconfiguration, traffic losses might be decreased.

Appendix A. List of Acronyms
ABNO

Application-Based Network Operations

ACF

Autocorrelation Function

AIC

Akaike Information Criterion

ANN

Artificial Neural Network

BV

Bandwidth-Variable

BVT

Bandwidth-Variable Transponder

CAPEX

Capital Expenditures

CL

Candidate List

CP

Connection Point

DC2DC

Datacenter-to-Datacenter

DWDM

Dense Wavelength Division Multiplexing

EON

Elastic Optical Network

FT

Fixed Transponder

GCF

Greedy Cost Function

GRASP

Greedy-Randomized Adaptive Search Procedure

ILP

Integer Linear Programming

INCA

Incremental Capacity Planning Problem

IP

Internet Protocol

JIT

Just-In-Time

LP

Linear Programming

LP-SA

Link-Path Slot-Assignment

MILP

Mixed Integer Linear Programming

MPLS

Multiprotocol Label Switching
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NLP

Non-Linear Programming

NL-SA

Node-Link Slot-Assignment

NMS

Network Management System

NP

Non-deterministically Polynomial

OAM

Operation, Administration and Maintenance

OD

Origin-Destination

OPEX

Operational Expenditures

OSS

Operations Support System

OXC

Optical Cross-Connect

PCE

Path Computation Element

Pw-INCA

Provisioning-wise INCA
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Quadrature Amplitude Modulation
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Quality of Service
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Quadrature Phase-Shift Keying

RCL

Restricted Candidate List
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Reconfigurable Optical Add/Drop Multiplexer
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Routing and Spectrum Allocation

RWA

Routing and Wavelength Assignment

Rw-INCA

Recovery-wise INCA

SBVT

Sliceable Bandwidth-Variable Transponder

SDN

Software Defined Network

SNC

Subnetwork Connection

TCO

Total Cost of Ownership

TCP

Termination Connection Point

VENTURE

VNT Reconfiguration based on Data Analytics for Traffic
Prediction

VNT

Virtual Network Topology

WSS

Wavelength Selective Switches
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