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Abstract

The report begins by reviewing a two-level hierarchical multicriteria routing
model for MPLS networks with two service classes (Quality of Service and Best
Effort services) and alternative routing, previously proposed by the authors. Some
key issues raised by its great complexity are discussed, as well as the major factors
that constitute the sources of imprecision, inaccuracy and uncertainty of the model
and the way in which they are dealt with in the adopted resolution approach. An-
alytic and stochastic simulation experiments, for a benchmarking case study, are
performed in order to evaluate the inaccuracies intrinsic to the analytic/numerical
resolution procedures. Furthermore, various experiments are executed for evaluating
the effects in the model results of the uncertainty associated with the estimates of
the mean of the stochastic traffic flows, in a dynamic version of the routing method.
In this form, a robustness analysis focused on key robustness aspects of the model
was carried out.

Keywords Routing models, Multiobjective optimisation, Telecommunication networks, Simu-
lation, Sources of uncertainty.

1 Introduction and Motivation

In modern multiservice networks, multiple and heterogeneous QoS (Quality of Service)
routing requirements have to be taken into account. Therefore, the routing models de-
signed to calculate and select one (or more) sequences of network resources (routes) have
to satisfy certain QoS constraints and seek the optimisation of route related objectives.

*A shorter version was presented at the 25th Mini-EURQO Conference on Uncertainty and Robustness
in Planning and Decision Making (URPDM 2010), Coimbra, Portugal, Apr. 15-17 2010.
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The formulation of important routing problems in these types of networks as multiple
objective optimisation problems is potentially advantageous, as these multiple objective
formulations allow the trade-offs among distinct performance metrics and other network
cost function(s) to be pursued in a consistent manner.

QoS issues have become increasingly relevant in the new technological platforms of
multiservice networks, triggering an interest in the application of multicriteria approaches
to network design and routing models in communication networks, as analysed in the
reviews in [2, 4]. The technical capabilities of MPLS (Multiprotocol Label Switching)
networks allow for the implementation of multiple connection-oriented services with QoS
requirements. Advanced QoS-based routing mechanisms are employed in the MPLS envi-
ronment and “explicit routes” (i.e. routes completely determined at the originating node)
for each traffic flow of a given service type may be devised. The authors have discussed
key methodological and modelling issues associated with multicriteria routing in MPLS
networks in [5].

A meta-model for hierarchical multiobjective network-wide routing in MPLS networks
has also been presented in [5]. In this optimisation approach, two classes of services (and
different types of traffic flows in each class), are considered, QoS and BE (Best Effort)
type flows. QoS flows are regarded as first priority flows and, when accepted by the
network, have a guaranteed QoS level, related to the required bandwidth. As for BE
flows, they are considered in the model as second priority flows, and are routed with
the best possible quality of service but not at the cost of deteriorating the QoS of the
QoS traffic flows. Another feature of the routing model is the use of alternative routing:
when a first choice route assigned to a given micro-flow, belonging to a certain traffic low
(corresponding to a “traffic trunk”) is blocked a second choice route may be attempted.
An important feature of this model is the use of hierarchical optimisation typically with
two optimisation levels, including fairness objectives: the first priority objective functions
(0.f.) refer to the network level objectives of QoS flows, namely the total expected revenue
and the maximal value of the mean blocking of all types of QoS flows; the second priority
o.f. refer to performance metrics for the different types of QoS services and the total
expected revenue associated with the BE traffic flows. Another important feature of the
model is the use of an approximate stochastic representation of the traffic flows in the
network, based on the use of the concept of effective bandwidth for macro-flows and on a
generalised Erlang model for estimating the blocking probabilities in the arcs, as the one
used in [20].

In this report, the main features of the routing model and the foundations of the
resolution procedure in [12], are reviewed. The main focus of this work is on the analysis
of the factors of imprecision, inaccuracy and uncertainty (IIU, for short), see [1], of the
routing model and their effects on the results of the routing method. The major factors
that constitute the sources of IIU of the model and of the adopted resolution approach are
analysed in detail. The imprecision factors stem mainly from the approximations inherent
to the analytic traffic model (underlying the optimisation model) and the numerical errors
in the calculation of blocking probabilities throughout the resolution procedures. The
inaccuracies are a consequence of the extreme complexity of the multicriteria optimisation
model, and are related to the interdependencies of the o.f. These interdependencies result
from the fact that all the specified o.f. depend on all traffic flow patterns in the global
network, which change with any alteration in a route used by any given node to node
flow. This mechanism generates potential instability in the global routing solutions, as
analysed in a similar, albeit simpler model, shown in [19]. As for the uncertainty issues,



they are raised mainly by the stochastic nature of the offered traffic and the related
estimation procedures performed throughout the stochastic simulation experiments with
the proposed heuristic.

Analytical and stochastic simulation experiments with the proposed heuristic in a
network case study are performed in order to evaluate the inaccuracies intrinsic to the
analytic/numerical resolution procedures. Two types of discrete event stochastic simu-
lation were performed, one with a static routing model where the network routing plan
never changes, and another with a state-dependent periodic-type dynamic routing model
where the network routing plan is updated as a function of the measured offered traffic
in the network. Different simulation parameters have a direct influence on the robustness
of the results obtained with the dynamic model simulation. In particular, the effects in
the model results of the uncertainty associated with the moving average estimates of the
offered traffic in the network and the influence of the routing plan update time interval
are analysed, allowing for a robustness analysis focused on key robustness aspects of the
model.

The major contributions of this report are the following:

1. An analysis of the major factors that constitute the sources of imprecision, inac-
curacy and uncertainty of a very complex multiobjective routing model for MPLS
networks with two service classes, which uses o.f. expressed in terms of stochastic
measures;

2. Presentation of an analytic and stochastic simulation study enabling to evaluate
the inaccuracies intrinsic to the analytic/numerical resolution procedures and their
possible impact on the results of the heuristic resolution procedures of the model;

3. Development of an experimental study, using discrete-event stochastic simulation,
for evaluating the effects in the model results of the uncertainty associated with the
statistical estimates associated with the traffic flows, in a dynamic version of the
routing method;

4. A description of the way in which the developed resolution procedures deal with the
above difficult issues.

The report is organised as follows. The two-level hierarchical multiobjective alternative
routing model with two service classes and the features of the considered heuristic are
briefly reviewed in section 2. In section 3, an analysis of the ITU factors associated with key
instances of the model and its resolution and their potential effects on the heuristic results,
is provided. The results obtained with this procedure, by using analytic and discrete-event
simulation experiments for a test network used in a benchmarking study, are shown and
analysed in relation to the IIU factors, in the fourth section. These experiments provide
some preliminary conclusions on the robustness of the method concerning some of the
ITU factors. Conclusions are drawn in the last section. Finally, the report ends with an
appendix with the specification of the notation used in the model.



2 Review of the Multiobjective Routing Model and
the Heuristic Resolution Approach

2.1 The Multiobjective Routing Model

The considered model is an application of the multiobjective modelling framework (or
“meta-model”) for MPLS networks proposed in [5], as previously mentioned. It is a
network-wide routing optimisation approach (that is, the main o.f. depend explicitly on
all traffic flows in the network) of new type, in the form of a hierarchical multiobjec-
tive optimisation model, which takes into account the nature and relations between the
adopted o.f. related to the different types of traffic flows associated with different services.

Two classes of services are considered: QoS, corresponding to services with certain
guaranteed QoS levels, and BE, where the corresponding traffic flows are routed seeking
to obtain the best possible quality of service but not at the cost of the QoS of the QoS
traffic flows (first priority traffic flows). The different service types of each class are
represented through the sets Sg (for QoS service types) and Sp (for BE service types).
The traffic flows of each service type s € Sg or s € Sp may differ in important attributes,
in particular the required bandwidth.

The hierarchical multiobjective routing optimisation model considered here has two
levels with several o.f. in each level. The first level includes the first priority o.f. (the
total expected network revenue associated with QoS traffic flows, Wy, and the worst
average performance among QoS services, represented by the maximal average blocking
probability among all QoS service types, Basm|g), which are formulated at the network
level for the QoS traffic and considering the combined effect of all types of traffic flows in
the network. In the second level the o.f. are concerned with average performance metrics
of the QoS traffic flows associated with the different types of QoS services (represented
by the mean blocking probabilities for flows of type s € Sg, By, and the maximal
blocking probability Bjq, defined over all flows of type s € Sgp) as well as the total
expected network revenue associated with BE traffic flows, Wpg. These constitute the
second priority o.f. At the two levels of optimisation, ‘fairness’ objectives are explicitly
considered in the form of min — max objectives. These objectives seek to make the most of
the proposed multiobjective formulation. In previous formulations of routing models for
these networks, such type of aims related to fairness are usually not considered explicitly in
any form or just represented through constraints on certain performance metrics. Another
important feature of the model is the stochastic representation of the traffic flowing in
the network following the same type of approach as in [20].

The considered two-level hierarchical optimisation problem for two service classes P-
M2-S2 (‘Problem - Multiobjective with 2 optimisation hierarchical levels - with 2 Service
classes’) is:

Problem P-M2-S2

Lt level QoS: Network objectives m?XE{WQ}
ming{ Bum|q}
QoS: Service objectives ming{Bnso}
ond level ming{ Bussio}
Vs € SQ
BE: Network objectives maxzp{Wg}
subject to equations of the underlying traffic model.

and with WQ(B) = Z Agws; BMm\Q = maXsGSQ{Bms}; Bms|Q = ALg Zfse]-‘s A(fS)B(fS)7

SESQ(B)
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and By = maxy,ecr,{B(fs)}. The total traffic offered by flows of type s is A2, the car-
ried traffic for service type s is A¢, the mean traffic offered associated with f; € Fy is
A(fs) (all in Erlang); B(fs) is the node to node blocking probability for all flows f, € F;
and wy is the expected revenue per call of service type s.

Note that in the formulation of P-M2-S2 while W, is a first priority o.f. (together with
Baim)g), Wp will be a second level o.f. This guarantees that the routing of BE traffic,
in a quasi-stationary situation, will not be made at the cost of the decrease in revenue
or at the expense of an increase in the maximal blocking probability of QoS traffic flows.
Nevertheless, it is important to note that while QoS and BE traffic flows are treated
separately in terms of o.f. so as to take into account their different priority in the routing
optimisation, the interactions among all traffic flows are fully represented in the model.
This is assured by the used traffic modelling approach, underlying the optimisation model,
because the traffic model used to obtain the blocking probabilities B(f,) integrates the
contributions of all traffic flows which may use every link of the network. This feature
is a major difference in comparison with more common routing models that have been
proposed for networks with two service classes, based on some form of decomposition of
the network representation, corresponding to ‘virtual networks’, one for each service class
(e.g. in [21]).

A full description of the traffic modelling stochastic approach used in the routing model
can be seen in [5]. The basic teletraffic model allows for the blocking probabilities B,
for micro-flows of service type s in link [, to be given in the form B, = B, (d_k, Dk Ck),
where B, represents the basic function (implicit in the teletraffic analytical model) that
expresses the marginal blocking probabilities, By, in terms of dj, = (dkl, cee dk|5|) (vector
of equivalent effective bandwidths for all service types), pr = (pk1, e ,pk|5|) (vector of
reduced traffic loads pys offered by flows of type s to lj) and the link capacity Cy. This
type of approximation (see [20]) enables the calculation of {By,} through efficient and
robust numerical algorithms, which are essential in a network-wide routing optimisation
model of this type, for tractability reasons.

The decision variables R = UL‘ilR(s) represent the network routing plans, that is,
the set of all the feasible routes (i.e. node to node loopless paths) for all traffic flows,
with R(s) = Up,er, R(fs),s € So USE and R(f,) = (r’(fs)),p = 1,--- , M with M = 2
in our model. An alternative routing principle is used: for each flow f; the first choice
route 7! ( f,) will be used; if it is blocked the routing method makes the connection request
attempt the second choice route 72(f;). A request will be blocked only if r%(f,) is also
blocked.

The very high complexity of the routing problem P-M2-S2 stems from two major
factors: all o.f. are strongly interdependent (via the {B(fs)}), and all the o.f. parameters
and (discrete) decision variables R (network route plans) are also interdependent. Note
that all these interdependencies are defined explicitly or implicitly through the underlying
traffic model. Also note that even in the simplest degenerated case (single service with
single-criterion optimisation and no alternative routing) the problem is NP-complete in
the strong sense, as proved in [10]. Having in mind the form of P-M2-S2, one may
conclude on the great intractability of this problem. There are possible conflicts between
the o.f. in P-M2-S2, because in many routing situations, the maximisation of W leads
to a deterioration on some B(fs), s € Sp, for certain traffic flows with low intensity, and
this tends to increase Byrq and B,y q, and consequently Bprm|q. This is a major factor
to justify the interest and potential advantage in using multiobjective approaches when
dealing with this type of routing methods.



2.2 The Heuristic Resolution Approach

The theoretical foundations of a specialised heuristic strategy for finding “good” compro-
mise solutions to the very complex bi-level hierarchical multiobjective alternative routing
optimisation problem, were presented in [7]. In [13], a basic heuristic approach (HMOR-
S2 or Hierarchical Multiobjective Routing considering 2 classes of Service) devised to
find “better” solutions to this problem, was proposed and applied to a test network used
in a benchmarking case study, for various traffic matrices. A new variant of this resolu-
tion method, HMOR-S2pas (HMOR-S2 with a Pareto Archived Strategy), based on the
introduction of a Pareto archive in the basic heuristic, inspired in one of the standard
procedures used in Pareto archived evolutionary meta-heuristics [17], is proposed in [12].

The resolution (in a multicriteria analysis sense) of the routing problem P-M2-S2 is
based on the recurrent calculation of solutions to a constrained bi-objective shortest path
problem, formulated for every end-to-end flow f;:

Problem 77(2) ;' min m"(r = my
52 r(£2)€D(fs) ( (fs)) l Z ks
kGT(fs) n:1;2

The path metrics m™ to be minimised are the marginal implied costs m} & = CSS(B) and

the marginal blocking probabilities m7, = —log(1 — Bys); D(fs) is the set of all feasible
loopless paths for flow f,, which satisfy specific traffic engineering constraints (other than
the effective bandwidth) for flows of type s. A typical constraint is a maximal number of
arcs per path depending on the class and type of service s. By using this approach, the
comparison of the efficiency of different candidate routes in the context of a multicriteria
routing framework of this type takes into account both the loss probabilities experienced
along the candidate routes and the knock-on effects upon the other routes in the network,
effects associated with the acceptance of a call on that given route. Such effects can be
measured exactly through the marginal implied costs for QoS(BE) traffic, CES(B), associated
with the acceptance of a connection (or “call”) of traffic f, of any service type s € S on a
link [, that can be defined as the expected value of the traffic loss induced on all QoS(BE)
traffic flows resulting from the capacity decrease in link /. By a conjecture in [7], they can
be obtained by solving a system of implicit non-linear equations. For more details on this
important mathematical concept in routing optimisation in loss networks, see [16, 20].

It is important to note that this auxiliary constrained bi-objective shortest path prob-
lem was used as a basis of the heuristic approach having in mind that the consideration of
the metric blocking probability tends, at a network level, to minimise the maximal node-
to-node blocking probabilities B( fs), while the metric implied cost tends to maximise the
total average revenue Wr in a single class multiservice loss network [9, 19]. However we
must draw attention to the exact meaning of the statement that the minimisation of path
implied cost ‘tends’ to maximise Wyp. This would be, in rigour, only valid if the choice of
such ‘optimal’ path, for a given f,, would not change in any form the network working
conditions concerning all the remaining traffic flows, an assumption obviously not true,
due to the interdependencies among {cxs}, {Brs} and R. Naturally this is yet another
source of difficulty in devising a heuristic of this nature for this complex routing problem
(P-M2-S2).

In the heuristic, the auxiliary constrained shortest path problem Ps(g) is solved by
an algorithmic approach, MMRA-S2 (Modified Multiobjective Routing Algorithm for
multiservice networks, considering 2 classes of Service) [7], which aims at finding a ‘best’



compromise path from a set of non-dominated solutions!, according to some system of
preferences. In this context, path computation and selection have to be fully automated.
Therefore the system of preferences is embedded in the working of the algorithm. This
is implemented by defining preference regions in the o.f. space obtained from aspiration
and reservation levels (preference thresholds) defined for the two o.f. [9, 19].

Another important part of the addressed routing model is the underlying traffic model.
This stochastic traffic model involves all the sub-models and associated numerical proce-
dures, that are needed for obtaining all traffic related parameters, namely implied costs
and blocking probabilities Bys and B(fs), under certain simplifying assumptions. A de-
scription of the traffic modelling approach used in the routing model can be seen in [5].

In the dedicated heuristic HMOR-S2, each new solution is obtained by processing the
current best solution. A basic searching strategy is to seek for routing solutions R(s) for
each service s € S, in order to achieve a better performance in terms of Wg (if s € Sg)
or Bpso and By (if s € Sg), while respecting the hierarchy of o.f. This also means
that network resources are left available for traffic flows of other services so that the
solutions selected at each step of the procedure may improve the first priority o.f. Wy
and Bjpsm|g- The heuristic was designed in order to seek, firstly for each QoS service and
starting from the services with higher effective bandwidth (considering the numbering
of s,s = 1,---,|Sg|) and, secondly, for each BE service (also beginning by the higher
bandwidth services, s = [Sg| + 1,--- ,|S|), solutions which dominate the current one, in
terms of B,sq and Bjgg for QoS services and in terms of Wy for BE services. These
solutions will only be accepted if they do not lead to the worsening of any of the network
functions Wg and By q-

The candidate solutions (r!(fs),r%(fs)) for each f, are generated using the mentioned
algorithm MMRA-S2. They are selected (or rejected) according to specific criteria, to be
‘tuned’ throughout the execution of the heuristic. A maximal number of arcs D, per route
for each service type s is previously defined and a feasible route set D(fs) is obtained for
each f;.

The theoretical analysis of the model, confirmed by experimentation, showed that the
successive application of MMRA-S2 to every traffic flow does not lead to an effective
resolution approach to the network routing problem P-M2-S2. This results from an in-
stability phenomenon that arises in such path selection procedure, expressed by the fact
that the route sets R often tend to oscillate between certain solutions some of which may
lead to poor global network performance under the prescribed metrics. This instability
phenomenon is associated with the complexity and interdependencies in the addressed
problem P-M2-S2, namely the interdependencies between {cgs(B)} and { By} and between
these two sets and the current network route set R.

Therefore, another core idea of the heuristic approach is the search for the subset of
the path set, the elements of which should be possibly changed in the next route improve-
ment cycle. Detailed analysis and extensive experimentation with the heuristic led to the
proposal of a criterion for choosing candidate paths for possible routing improvement by
increasing order of a function &(fs) of the current (r'(f),r*(fs)) [13]. With this crite-
rion, preference (concerning the potential value in changing the second choice route when
seeking to improve Wg or Wp) is given to the flows for which the route r!(f;) has a low
implied cost and the route r?(f,) has a high implied cost, or to the flows which currently

In multiobjective optimisation [23], the concept of optimal solution is replaced by the concept of
non-dominated (or Pareto optimal) solution. A non-dominated solution is a feasible solution such that,
in minimisation problems, it is not possible to decrease the value of an o.f. without increasing on, at
least, the value of one of the other o.f.



have worse end-to-end blocking probability. Another key point tackled by the heuristic is
the specification of a variable nPaths, which represents the number of routes with smaller
values of £(fs) that should possibly be changed by running MMRA-S2 once again [13].
In order to do so, the effect of each candidate route on the relevant o.f. is anticipated by
solving the corresponding analytical model.

A variant of this basic resolution method, HMOR-S2p,g, is proposed in [12]. The
realisation that throughout the execution of the basic heuristic HMOR-S2 there were
interesting solutions to the routing problem that were not further pursued due to the
strict limitations imposed on the acceptance of a new solution motivated the development
of a new variant that could store these possibly interesting solutions in an archive and
later go through them in order to try and find the “best” possible solution to the problem
in hand. The numerical complexity of HMOR-S2 and HMOR-S2pag is the same.

The management of the archive in terms of addition and removal of solutions from
the archive is governed by a set of rules thoroughly described in [12]. At the end of the
algorithm (after the outer cycle), the solutions stored in the archive are analysed. By
employing the concept of preference thresholds, the priority regions in the bidimensional
o.f. space are re-evaluated so as to select the final solution of the algorithm.

The main features of this approach based on the definition of preference thresholds
in the o.f. space are: i) the representation of QoS requirements through requested (or
aspirational) and acceptable (or reservation) thresholds for each network function W,
and Bym|; 1i) the consideration of this type of thresholds defines priority regions in the
bidimensional o.f. space in which non-dominated solutions may be searched for. As an
example of the definition of priority regions in the bidimensional o.f. space of the solutions
in the archive, see figure 1.
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Figure 1: QoS requirements used to define priority regions in the bidimensional o.f. space



The ideal optimum is represented by Ox and is obtained when both first level o.f. Wy
and By, are optimised. The point (Bﬁ\%x; Winin) is the Nadir point, that is, the point
with the worst values for each o.f. when the other o.f. is optimised. The first priority
region A is defined by the points for which the requested levels are satisfied for both o.f.
The second priority regions By and Bs are those for which only one of the requested values
is satisfied and an acceptable value is guaranteed for the other metric. Although regions
By and B, have the same priority in theory, in practice the maximisation of the QoS
traffic revenue is considered more important than the minimisation of By, . Therefore,
By will be considered preferable to B;. A third priority region C, where only acceptable
values are guaranteed for both metrics, is defined. Beyond the acceptable values, lies
the least priority region D, that defines worst values W,,;, and Bﬁ\}ix for both metrics.
The preference thresholds used to define the priority regions are calculated in a fully
automated manner (see the expressions for these thresholds in Appendix A).

The approach chosen to select the “best” solution in the best possible priority region is
based on the calculation of a Chebyshev distance to a reference point, as described in [3].
Note that this operation is more time-consuming than simply choosing the first solution
found in the best possible priority region. However, this operation is methodologically
more correct and as it is performed only once, the amount of time it takes is not of primary
importance.

As described in [24], reference point type approaches minimise the distance of the
solutions in the o.f. space to a selected point (often considered as the ideal one) according
to a specific metric, which in our procedure is the weighted Chebyshev distance. Let R
be the best possible priority region in the o.f. space where at least one solution p can
be found. In our approach, only this region R will be swept. A specific reference point
is chosen in region R as the ideal point in that region, (Cfm; ;\R) The two metrics in
the region are related to the upper level o.f. of the problem P-M2-S2, Bﬁ&% 0 (which has
to be minimised) and Wy (which has to be maximised). That is, the ideal point in each
rectangular region is the top left corner of that region. See the example in figure 1 where
the reference point for region A (Ref,) is displayed. For a non-rectangular region such
as D the ideal point of the whole o.f. space Ox is the reference point.

Another set of parameters that must be defined is the minimum m;z and maximum
M;» of each metric i for region R. See the example in figure 1 where the minimum and
maximum for both metrics in region A, are displayed. Notice that the reference point for
each region can be written as (Ci“m;C;'R = (mBzog‘R; MW|R), because it is the point in
the region where the Bﬁ&% 0 metric is minimised and the Wy metric is maximised.

Ci(o) = Cir } where the met-

rics for solution o are Ci(p) = Bj\f[gm@(g) and Cy(0) = Wgy(e). The weights in the

The problem to be solved is min,cg max;—12 {wim

weighted Chebyshev distance are w;r =

{wi|’R

region. These weights also account for the difference in range of the parameters B
and Wy.

which allow the Chebyshev metrics

M;r—my R’

Ci(o) — C;R)} to be dimension free and proportional to the size of the rectangular

log
Mm|Q



3 Dealing with Imprecision, Inaccuracy and Uncer-
tainty in the Model

The high complexity of the routing problem P-M2-S2 stems from the combinatorial nature
of the global routing multiobjective optimisation problem and is related to two major
factors specific to the described model: all o.f. are strongly interdependent (via the
B(fs)), and all the o.f. parameters and (discrete) decision variables R (network route
plans) are also interdependent. The o.f. depend on all traffic flow patterns in the global
network, and they may change significantly with any alteration in any route choice for
any given node to node flow. The potential instability in the global routing solutions
generated by this routing mechanism in a similar yet simpler model was analysed in
[19]. Note that all these interdependencies are defined explicitly or implicitly through the
underlying traffic model.

Also note that even in the simplest degenerated case (single service with single-criterion
optimisation and no alternative routing) the problem is NP-complete in the strong sense,
as proved in [10]. This great complexity leads to inaccurate results, as the solutions of
the routing problem are inherently approximate, because the resolution method does not
calculate all the non-dominated solutions and even for those selected solutions which are
computed there is no certainty that they are not potentially dominated by other solutions.
Concerning the possibility of not detecting the condition of certain weakly dominated
solutions this may be explained by small variations in the values of some o.f. for certain
solution(s) close to the current one (for example by changing a single route for a given
flow), solution(s) which, in some cases, may not be detected by the heuristic. It must
be remarked that this occurrence is rare but in principle may arise in any of the variants
of the heuristic [13], including those which incorporate meta-heuristic techniques, namely
simulated annealing or tabu search, as shown in [11]. The mechanisms of the heuristic
resolution in its present version (HMOR-S2p,gs), as described in the previous sub-section,
are devised to deal with this issue in order to minimise the impact of these inaccuracies
in the quality of the obtained compromise solutions.

Several simplifications and approximations were assumed in the stochastic model for
the traffic in the links, namely a superposition of independent Poisson flows and indepen-
dent occupations of the links, leading inevitably to intrinsic imprecisions in the values of
the traffic parameters which are reflected in the calculation of the o.f. values. Still, if a
more accurate and realistic representation of the traffic flows was used, better estimates
of the blocking probabilities would be achieved. Nonetheless, the approximations in our
model can be considered appropriate and, above all, absolutely necessary in this context,
for practical reasons. In fact, if more exact stochastic models were used to represent the
traffic and to calculate the blockings in overflow conditions, the computational burden
would be too heavy since the analytical model has to be numerically solved many times
during the execution of the heuristic and the routing method would become intractable.
Furthermore there are also numerical errors, associated with the resolution of the system
of equations of the traffic model which propagate throughout the resolution procedure, as
the resolution of the traffic model has to be performed many times (in the calculations
of marginal implied costs and blocking probabilities of all the flows). To minimise the
latter imprecision effects, some ‘robust’ and well tested numerical algorithms (namely the
Kaufman/Roberts algorithm [14, 22] and fixed-point iterators [15]) are used to estimate
the blocking probabilities in the system. Moreover, these two types of errors do not
compromise the inequality relations between the o.f. values, as the aim of the routing
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optimisation procedure is just the comparison of routing solutions in terms of the values
of the o.f. That is, the focus is on the relative value of the results of the traffic model
rather than on the absolute accuracy of such values. Also, small differences between o.f.
values can be disregarded when comparing solutions.

Further imprecision effects stem from an instability phenomenon which may poten-
tially arise in the path selection procedure. In fact, the route sets R, if obtained by
successive application of MMRA-S2 to every traffic flow, often tend to oscillate between
certain solutions some of which may lead to poor global network performance under the
prescribed metrics, thus leading to uncertainty in the results. The experimentations con-
firmed that the successive application of MMRA-S2 to every traffic flow does not lead to
an effective resolution approach to the network routing problem P-M2-S2. For dealing
with this issue in a successful manner, detailed analysis and extensive experimentation
with the heuristic led to the proposal of a criterion for choosing candidate paths for pos-
sible routing improvement by increasing order of a function £(f;) of the current routes of
a flow f,, giving preference (concerning the potential value in changing the routes when
seeking to improve the QoS(BE) traffic revenue) to the flows for which the first route has
a low implied cost and the second route has a high implied cost, or to the flows which
currently have worse end-to-end blocking probability.

Finally, the stochastic nature of the traffic offered to the network leads to another
form of uncertainty in the results. In the discrete event stochastic simulation experiments
performed with a static routing model, a measurement of the degree of uncertainty of
the o.f. values could be obtained by applying a classical statistical procedure (batch
means with independent replications). As for the state-dependent periodic-type dynamic
routing model, the traffic flows means are periodically updated via a statistical estimate
(first-order moving average) based on real-time measurements, dependent on a parameter
b (fixed a priori), as explained in sub-section 4.3, which is another source of statistical
uncertainty. This required a sensitivity/robustness analysis, for the evaluation of the
influence of this parameter and the routing plan update time interval on the final global
routing solution.

A summary of the sources of IIU and the way these aspects are dealt with in our
resolution approach are presented in table 1.

In the next section, the analytical and simulation results obtained with the HMOR-
S2pas heuristic in a specific network case study based on the one in [21], are presented.
The analytical results are obtained by a single run of the resolution heuristic and may be
compared with the results presented in [21]. As for the simulation results, they allow for a
more realistic assessment of the results of the heuristic having in mind the combined effects
of the analysed IIU factors. Two types of simulation were performed, one corresponding
to a static routing model where the routing plan calculated by the heuristic is never
changed regardless of the random variations in offered traffic throughout the simulation,
for a given matrix of mean traffic offered in statistical equilibrium. The other corresponds
to a periodic type state-dependent dynamic routing model, where the routing plans are
updated periodically as a function of real-time traffic measurements, by using the heuristic
HMOR-S2 repeatedly. Dynamic routing in a telecommunications network is a well known
routing principle where the most recent information on the network conditions is taken
into account in order to find appropriate paths for the connection requests in the network.
This is especially important when there are significant fluctuations of the offered traffic
in various parts of the network, in particular as a result of overload or network failures.
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Table 1: Sources of IIU and ways to deal with them

‘ Sources of 1TU ‘ Effect ‘ Dealing with ITU ‘
High complexity of the routing | Inaccuracy Different mechanisms of the
problem P-M2-S2 (the solutions | heuristic resolution in its present

are inherently | version (HMOR-S2pss)
approximate)
Simplifications and approxima- | Imprecision The focus was on the relative
tions assumed in the stochas- value of the results of the traf-
tic model for the traffic in the fic model; small differences be-
links, leading to an approximate tween o.f. values can be disre-
model, unavoidable for computa- garded when comparing solutions
tional tractability reasons (this was achieved by using ad-
equate numerical traffic calcula-
tion procedures)
Instability phenomenon poten- | Imprecision Criterion for choosing candidate
tially arising in the path selection | and  uncer- | paths for possible routing im-
procedure if the MMRA-S2 is ap- | tainty provement, embedded in the main
plied successively to all the end- heuristic ‘optimisation’ cycle
to-end flows of each service type
Numerical errors in the calcula- | Imprecision ‘Robust” and well tested nu-
tions of marginal implied costs merical algorithms (namely the
and blocking probabilities of all Kaufman/Roberts algorithm and
the flows, propagating through- fixed-point iterators)
out the resolution procedure
Stochastic nature of the traffic of- | Uncertainty Periodical update of traffic flows
fered to the network means via a statistical esti-
mate (first-order moving average)
based on real-time measurements;
sensitivity /robustness analysis
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4 Experimental Results

In this section, the analytical and simulation results obtained with the HMOR-S2pag
heuristic in a network case study analogous to the one in [21] will be presented.

In [21] a model for traffic routing optimisation and admission control in multiservice
networks supporting traffic with different QoS requirements, was proposed. This model
for MPLS networks with two service classes uses a lexicographic optimisation formulation,
including admission control for BE traffic, based on a deterministic MCF (Multicommod-
ity Flow) model, with the expected revenues associated with QoS and BE traffic as o.f.
It will be used as a benchmarking study for the present work concerning upper bounds
W5 for the optimal value of the QoS traffic revenue Wy,. For a brief summary of this
application model, see [13].

4.1 Application of the Model to a Network Case Study

The routing model in [21] and our routing model were applied to the test network M
depicted in figure 2. It has M| = 8 nodes, with 10 pairs of nodes linked by a direct
arc and a total of |£| = 20 unidirectional arcs. The bandwidth of each arc C}, [Mbps] is

shown in figure 2. The number of channels C} is C), = [S—ﬂ, with basic unit capacity

ug = 16 kbps. There are |S| = 4 service types with the features displayed in table 2. The
values of the required effective bandwidths dy = % [channels| Vs € S are also in the table
(where d is the required bandwidth in kbps). The expected revenue for a call of type s
is assumed to be w, = d,Vs € §. The average duration of a type s call is hy and Dy

represents the maximum number of arcs for a type s call.

155 2
155

155
15 155 | 155 (5

Figure 2: Test network M [21], with the indication of the bandwidth of each arc Cj, in
Mbps

A base matrix T" = [T};] with offered total bandwidth values from node ¢ to node j
[Mbps]| is provided in [21]. From these data all the parameters needed by our traffic model
can be obtained as shown in [6].

In this application example, results for the QoS flows revenue Wy, are presented for
three values of a compensation parameter a: o = 0.0 corresponds to a deterministic
situation; o = 0.5 is the compensation parameter when calls arrive according to a Poisson
process, service times follow an exponential distribution and the network is critically
loaded; and v = 1.0 is used for traffic flows with higher ‘variability’.
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Table 2: Service features on the test network M

Service Class | d’, [kbps] | ds [channels] | wg | hs [8] | Ds [arcs] | ms
1 - video QoS 640 40 | 40 600 31 0.1
2 - Premium data | QoS 384 24 | 24 300 410.25
3 - voice QoS 16 11 1 60 31 04
4 - data BE 384 24124 300 710.25

For further details on the application of this traffic model to the network case study
under analysis, see [6].

4.2 Analytical Results

In the analytical study, the HMOR-S2 heuristic (without the Pareto archive) was run
once, followed by a run of the HMOR-S2pag heuristic.

The initial solution is typical of Internet routing conventional algorithms: only one
path for each flow (i.e. without an alternative path) is considered; the initial solution is
the same for all the services s € S and the paths are symmetrical; the path for every flow
fs is the shortest one (that is, the one with minimum number of arcs); if there is more
than one shortest path, the one with maximal bottleneck bandwidth (i.e. the minimal
capacity of its arcs) is chosen; if there is more than one shortest path with equal bottleneck
bandwidth, the choice is arbitrary.

The routing plan obtained at the end of the HMOR-S2 runs for each specific « is the
initial solution of the HMOR-S2pss. This heuristic is run only once. For the archived
routing plans obtained at the end of this single run, values for all the o.f. are computed
and the “best” possible solution in the best possible preference region is chosen to be the
final solution of the algorithm, using a reference point-based procedure as the solution
selection mechanism.

4.3 Simulation Results

After the analytical experiences were performed, simulation experiences, with static and
dynamic routing methods using the solution provided by the heuristic, were also carried
out. This simulation study enables the validation of the routing model results and the
evaluation of the errors intrinsic to the analytical model which provides the estimates for
the o.f.

Initially, the discrete-event stochastic simulation was applied to a static routing model,
where the routing plan is the final solution obtained after the HMOR-S2pas was run.
This routing plan does not change throughout the simulation regardless of the random
variations of traffic offered to the network. The simulation starts with an initialisation
phase that lasts for a time t,qrm—up, that should be long enough to guarantee that the
system state at the end of the initialisation phase is representative of the steady state
behaviour of the system. After this time, information on the number of offered calls and
carried calls in the network for each flow f,,s € S, is gathered, until the end of the
simulation. With this information, B(fs), s € S and subsequently, the values of the upper
and lower level o.f. related to blocking probabilities can be estimated. The calculation of
the expected revenues is based on the number of carried calls in the network.
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In the periodic and state-dependent dynamic version of the routing method considered
here, the network state is assessed periodically and the gathered information on that state
is used to periodically choose the most appropriate paths in the network, according to
the HMOR-S2 routing algorithm. The offered traffic estimate is calculated as in [§]. In
the time interval [n7; (n + 1)7], the estimate of the average traffic offered to the network
by the flow f; is given by Z,(fs), a first order moving average iteration of the type
Pn(fs) = (1 = D)Zn_1(fs) + bX,_1(fs), where X, _1(f,) is an estimator of the average
value of the traffic offered by f, to the network in the previous interval [(n — 1)7; n7[ and
b €]0.0;1.0] is a compromise value between the need to obtain a quick response of the
estimator to rapid fluctuations in X (fs) and the stability of the long-run variations and
should be settled by extensive experimentation with the simulation model. The parameter
7 is both the update period of the estimates of the offered traffic and the update period
of the network routing plans. Note that the process of path choice should take a short
time, when compared to 7.

The routing method seeks to obtain new routing plans adapted to the changing network
working conditions resulting from the random fluctuations of traffic intensities. Taking
into account the features and great complexity of the routing model, the choice of the
“start-up” routing solution of the dynamic method is of great importance concerning its
performance. The start-up solution is the final solution obtained after the HMOR-S2pag
was run. The availability of a good estimate of the initial nominal traffic matrix is a
necessary requirement of this dynamic routing method. Having in mind the periodically
updated characteristics of the offered traffic, the “best” possible set of paths are chosen
so as to improve the multidimensional network performance, as specified by the multiob-
jective routing model.

A first phase of simulation, the initialisation phase, lasts for a time t,qrm—up = to + 1.
In a first stage that lasts tg, only periodical updates of the estimate of the offered traffic are
performed, with period 7. After that time ¢y, the offered traffic estimates are assumed to
be representative of a steady state behaviour. Afterwards, during a time ¢;, the estimate
of the offered traffic is still performed with a period 7, along with periodical updates of
the routing plan, with the same period 7.

After the warm-up time, both updates are still performed with the indicated period
and based on information on the number of offered calls and effectively carried calls in
the network for each flow f;, s € S gathered from real-time measurements, until the end
of the simulation. Using this information, a calculation of B(f;) estimates, s € S can be
made, as well as a calculation of the values of all the upper and lower level o.f. related
to blocking probabilities. As for the revenues, the knowledge of the effectively carried
calls in the network allows for the calculation of the carried traffic estimates, hence the
calculation of revenues follows straightforwardly.

For further information on the simulation platform used, see [13].

In table 3, the analytical values of each o.f. are displayed, together with the simulation
results (average value £ half length of the 95% confidence interval) for these functions.
For the static model simulation, different values for the warm-up time were tried, and the
results displayed in table 3 were obtained with ¢,4rm—vp = 8h for a total simulation time
of 48h. For the dynamic model simulation, different values for the times ¢y and ¢y, for 7
and for b were tried, and the results displayed in table 3 were obtained with ¢y = t; = 4h;
7 = 10m, 15m, 20m, 30m; b = 0.3; total simulation time of 48h. The revenue values have
2 decimal places and the blocking probability values have 3 significant figures.

Generally speaking, the analytical results obtained with HMOR-S2psg are not inside
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Table 3: Average o.f. values, and 95% confidence intervals, for simulation of the static (considering a warm-up time of 8h) and the dynamic
routing model (considering tq = ¢t; = 4h, update period 7 and b = 0.3), a total simulation time of 48h on the test network M, for different
values of a, when the HMOR-S2 was used to update the routing plan

N Of Initial || Analytical Static routing Dynamic routing model results
o solution results model results 7= 10m ‘ 7= 15m ‘ 7 =20m 7 = 30m
Wo 54803.6 64905.26% 64774.12+68.28 64776.24+76.03 64776.67+67.98 64774.68+68.46 64750.27+61.42
Bim|Q 0.413 0.0752 0.07734+0.00356 0.077440.00363, 0.077040.00319 0.077140.00333; 0.079340.00302
B0 0.413 0.0752 0.077340.00356 0.077440.00363, 0.077040.00319 0.077140.00333, 0.079340.00302
B2 0.314] 0.0184 0.023640.000576 0.023540.000655 0.023640.000543 0.023740.000601] 0.023840.000696
0.0 |IBpsiq 0.0198 0.00184 0.00200+0.0000499| 0.0020040.0000445 0.002004+0.0000525 0.00200-+£0.0000567 0.0020440.0000592
Bug 0.912 0.708 0.706+£0.00912 0.702+0.0145 0.704+0.0142 0.704+0.0115 0.682+0.0198
B2 0.766 0.103 0.110£0.00600 0.108+0.0154 0.11140.00501] 0.111+£0.00488 0.091640.00800
B3| 0.0585 0.0301 0.0303i0.000146{ 0.030040.000287  0.030240.0000739 0.030340.000384 0.0292i0.000978{
Wg 15106.5 17039.20 17017.10+39.32 17030.28+57.28 17017.43+42.53 17015.51+39.62 17059.73+42.35
Wo 51785.21||  60739.76< 60676.12+61.43 60659.894+53.91 60674.82+£67.88 60675.174+66.08 60287.27+57.93
Brim|Q 0.413 0.0278 0.030640.00145 0.031740.00146 0.031040.00146 0.030840.00149 0.053340.00158
Biio 0.413 0.0278 0.030640.00145 0.031740.00146 0.031040.00146 0.030840.00149 0.053340.00158
Bin210 0.296 0.00230|  0.00463=£0.000355 0.00511+0.000556(  0.00458+0.000729  0.0046040.000674 0.016340.000714
0.5 |IBmsiq 0.0174 0.000857|| 0.00092240.0000167)| 0.000904+0.0000179 0.000910=£0.0000118 0.00091240.0000156/ 0.00105+0.0000369
Baro 0.882 0.629 0.626+0.0196 0.622+0.0243 0.634£0.0144 0.628+0.0207 0.481£0.0280
B2 0.722 0.00959 0.015840.00216 0.01664+0.00142 0.015340.00127 0.015540.00130 0.05524:0.00348
Brsio 0.0517 0.0244 0.024540.000261] 0.023940.000315 0.024540.000259 0.024440.000236 0.017140.000325
Wg 13787.4 16685.60 16696.08+40.87 16757.72+80.12 16710.52+74.37 16702.89+72.29 17562.04+41.26
Wo 49010.41] 56106.51¢ 56036.04+45.53 56044.88+66.47 56038.57+43.83 56036.66+49.07) 55895.414+61.80
Barm|Q 0.405 0.0256 0.027440.00174 0.027140.00319 0.027240.00117 0.02734+0.00121 0.037540.00219
Bl 0.405 0.0256 0.027440.00174] 0.027140.00319 0.027240.00117 0.027340.00121 0.037540.00219
B2l 0.275 0.00499|  0.0080540.000619 0.00772+0.00123  0.00796+0.000768  0.00803=0.000747] 0.013140.00110
L0 |Bsi 0.0150 0.000567|| 0.00064340.0000157| 0.00059040.0000498 0.000635+0.0000189 0.00064040.0000154 0.000686i0.000027q
B 0.841 0.556 0.552+0.0304 0.495+0.0826 0.555+0.0360 0.555+0.0262 0.354+0.0517
B2 0.667] 0.0186 0.031040.00318 0.029840.00504 0.0308+0.00347 0.031040.00446 0.049240.00497)
B3| 0.0446 0.0200 0.020140.000295 0.016840.00444; 0.019840.000717 0.020240.000248 0.011040.000972
Wg 12445.6 16465.58 16436.454+17.45 16443.61+81.71] 16434.68+23.36 16438.56+16.88 16690.18+50.64

%)99.62%; ©) 99.85%; @) 99.59% of the upper bounds Wg** for the optimal value of the QoS traffic revenue W, obtained in [21]



the 95% confidence interval of the static routing model simulation results, although they
are of similar magnitudes. This is especially noticeable in situations of lower traffic loads
(i.e. for higher values of «v in our routing problem application example). In fact, only for
a = 0.0 did we get a result where a first level o.f. (B Mm‘Q) analytical value was in the
corresponding confidence interval. The analytical results tend to be better than the cor-
responding static routing model simulation results, as could be expected. The differences
between the analytical and the simulation results for the static routing model are mainly
due to the imprecision effects intrinsic to the analytic/numerical solution, namely those
associated with the simplifications of the traffic model, and the associated error prop-
agation. In fact, the analytical model is a simplification which tends to underestimate
the blocking probabilities in the network (and to overestimate the revenues), because the
overflow traffic is treated as Poisson traffic, an error that is propagated throughout the
complex and lengthy numerical calculations associated with the solution of the traffic
model, involving the solution of large systems of implicit non-linear equations. Also in
the stochastic model for the traffic in the links, a superposition of independent Poisson
flows and an independent occupation of the links were assumed as further simplifications.
A more precise and realistic representation of the traffic flows would allow for better esti-
mates of the blocking probabilities. However, as mentioned earlier, the approximations in
our model can be deemed appropriate and unavoidable in this context and result from a
compromise between the precision of the representation of the traffic flows and the com-
putational burden of the numerical resolutions throughout the execution of the heuristic
algorithm.

The results of the static and dynamic routing models for b = 0.3 and 7 = 10m; 15m;
20m are quite similar. Considering all the simulation experiments performed, it was only
for these parameter values that the dynamic routing model was capable of attaining the
performance values corresponding to the analytic upper bounds for the static solution.
Still, for a = 0.5, the dynamic routing model results for the first level o.f. are slightly
worse than those obtained with the static model. Remember that the simulation results
for the dynamic routing model are average values of performance in a great number of
routing update intervals, while the analytical results are obtained in ideal steady state
traffic conditions. A final remark on the confidence intervals for each o.f.: their length is
of the same order for both the static and the dynamic routing model.

In global terms and as expected, the results obtained with the dynamic routing model
are better (or approximately the same in the worst case) than those obtained with the
static routing model. This shows that the dynamic model is well calibrated for these
networks, in terms of the choice of the initial routing solutions to be used by the heuristic
and the choice of the routing updating period. In the dynamic routing model, the routing
plan is adjusted throughout the simulation run, in accordance with the traffic random
fluctuations around the average values corresponding to the nominal traffic matrix that
was defined in steady state conditions.

The o.f. values are intrinsicly imprecise, due to the simplifications and approximations
that were assumed in the stochastic model for the traffic in the links, and to the numerical
errors, associated with the resolution of the system of equations of the traffic model which
propagate throughout the resolution procedure. Still, the representation of the traffic flows
as independent Poisson processes and the independence in the occupations of the links
may be considered a good compromise between the exactness of the traffic model and the
computational burden for solving the analytical model. Plus, the blocking probabilities
in the system are calculated by ‘robust’ numerical algorithms (mentioned in the previous

17



section) to try and reduce these imprecision effects.

Other imprecision effects are due to an instability phenomenon which may potentially
arise in the path selection procedure, when all the network routes are liable to change.
To avoid oscillations between certain solutions that can possibly lead to a poor global
network performance, the core algorithm to seek new routing solutions (MMRA-S2) is
applied only to specific traffic flows that are carefully chosen, so as to try and improve
the o.f. values.

The inaccuracy in the o.f. values may be considered inevitable, due to the strong inter-
dependence of the o.f. parameters and the (discrete) decision variables R (network route
plans). The heuristic resolution has different mechanisms throughout the improvement
cycles of the o.f. that try to deal with this complex interdependence, in order to minimise
the impact of these inaccuracies in the quality of the obtained compromise solutions.

As mentioned earlier, the stochastic nature of the traffic offered to the network leads
to some uncertainty in the results. In particular, for the state-dependent periodic-type
dynamic routing model, the traffic flow means are periodically updated (with period 7)
via a statistical estimate (first-order moving average) based on real-time measurements,
dependent on a parameter b. The influence of these parameters on the final global routing
solution was analysed.

In a first set of experiments, the update period 7 was 15m and different values were
tested for b. A sample of the results for a = 0.0 is displayed in table 4. The parameter b
has to be set in order to reflect a compromise between the stability of the estimate and
the quick response to variations in the partial estimate of the average value of the traffic
offered by a flow to the network in the previous interval, X. The best results for the
first level o.f. were obtained with b = 0.3 (those are the values displayed in table 3). For
b = 0.4 the results were only slightly worse. However, for smaller values and for higher
values of b, the results for Wy and By, were worse than those displayed in table 3.
An increase(decrease) in b means that the estimate of the average traffic offered to the
network by a flow, &, incorporates more(less) information on the previous interval and
less(more) on the estimates of traffic that have been obtained throughout the duration of
the experiment. These results show that a balance between these two aspects is clearly
desirable and no excessive weight should be attributed to either of them. However, as the
best results were obtained with b < 0.5, it appears that the stability of the estimate is
slightly more important than a rapid response to variations in the offered traffic. Notice
that the possibility of network changes or sudden strong alterations in traffic patterns are
not being considered in this study. This type of events would have required the traffic
estimate to be able to respond better to very rapid variations in the offered traffic, so
a value of b > 0.5 would have been expected to be more appropriate in that situation.
Probably that would have been the case if the network traffic was not modelled as Poisson
traffic, but rather as self-similar traffic, with its typical bursts of traffic (see for instance
[18]), a situation out of the scope of the present study.

In a second set of experiments, the parameter b was kept at 0.3 and different values
were tested for the update period 7. The best results for the first level o.f. were obtained
with 7 = 10m, 15m, 20m (these values are displayed in table 3). For a smaller value
of 7 (5m), the results for Wg and Bamiq were slightly worse than these. However, for
a higher value of 7 (30m), the results were clearly worse (see table 3). Therefore, there
is no need to update the traffic estimate too often (with update periods of the order of
only a few minutes), but a very long update period is also undesirable. Notice that a
value of b = 0.3 means that the update information focuses more on the medium/long
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Table 4: Average o.f. values, and 95% confidence intervals, for simulation of the static
(considering a warm-up time of 8h) and the dynamic routing model (considering t, =
t1 = 4h, update period 7 = 15m and different values of b), a total simulation time of 48h
on the test network M, for o = 0.0, when the HMOR-S2 was used to update the routing
plan

Of Dynamic routing model results for a = 0.0 and update period 7 = 15m
B b=0.2 \ b=0.3 \ b=04 \ b=05
Wo 64766.824+57.11 64776.67+67.98 64774.10+63.62 64769.62464.25
Brim|Q 0.078040.00353 0.077040.00319 0.077740.00304; 0.078140.00278
B0 0.078040.00353 0.07704+0.00319 0.077740.00304 0.078140.00278
Bn210 0.02364+0.000432  0.0236+0.000543  0.0235+0.000618  0.0235+0.000807]
Bn3io 0.00200+£0.0000401] 0.00200+0.0000525 0.00199+0.0000427 0.00200+0.0000410
B 0.694+0.0159 0.704+0.0142 0.698+0.00918 0.691+0.0166
Br2jo 0.103£0.0137 0.111+£0.00501] 0.106£0.00756 0.0993+0.0110
Bs|o 0.029940.000512  0.0302+0.0000739  0.0297£0.000143  0.0298+0.000415
Wp 17014.024+42.39 17017.43+42.53 17014.40+40.83 17022.104+30.93

term rather than on the short term, as the estimate of the average traffic offered to the
network by a flow incorporates more information on the estimates of traffic that have
been obtained throughout the duration of the experiment, rather than on the previous
interval. In very long intervals slight changes in the offered traffic pattern are more likely
to occur and these would tend to be disregarded, if the update periods were very long
(30 min or more) because of the minor importance attached to the information on the
specific previous interval, in the traffic estimate.

5 Conclusions

In this report, a stochastic two-level hierarchical multiobjective routing model for MPLS
networks with two service classes and alternative routing was reviewed and analysed
concerning sources of IIU. Key issues raised by its great complexity were discussed, as well
as the major factors that constitute the sources of imprecision, inaccuracy and uncertainty
of the model. The mechanisms used by the developed resolution heuristic approach to
deal with these issues were described.

Analytical and stochastic simulation experiments (both static and dynamic) with the
developed procedure were carried out, enabling the evaluation of inaccuracies intrinsic to
the model and to the analytic/numerical resolution method. The possible effects of these
inaccuracies on the results of the heuristic resolution procedure were discussed, as well as
the forms of minimising their impacts on the heuristic effectiveness.

Furthermore, the experimental study, using discrete-event stochastic simulation, en-
abled the validation of the routing model results and the evaluation of effects in the model
results of the uncertainty associated with the offered traffic estimates, in a dynamic version
of the routing method.
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A Specification of the Notation Used in the Model
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Table 5: Notation used in the model

O.f. calculation

Wom) = s Sow) ASwy total expected network revenue associated with
QoS(BE) traffic flows
Buim|g = MaXses,{ Bms } maximal average blocking probability among all

QoS service types

Brsio = 45 . roer Afs)B(fs) mean blocking probabilities for flows of type s €
S SQ

Busig = maxy,er, {B(fs)} maximal blocking probability defined over all

flows of type s € Sg

Blocking probabilities calculation

B(fs) node to node blocking probability for all flows
fs € Fs

By, = B, (d_k,m, C’k) blocking probabilities for micro-flows of service
type s in link [

B, basic function (implicit in the teletraffic analyt-

ical model) to calculate By

Decision variables

R= UL‘i'lR(s) network routing plans
R(s) =Uper, R(fs),s € So USg | set of all the feasible routes for the traffic flows
of type s

R(fs) = (r?(fs)),p=1,--- M first, second, - - -, M-th choice route for flow f

Path metrics and auxiliary parameters — MMRA-S2

my, = CSS(B) marginal implied costs
mi, = —log(1 — Bys) marginal blocking probabilities
D(fs) set of all feasible loopless paths for flow f;

Preference thresholds used to define priority regions

Wyeg = Wap + AW = VartWasas
WaC:Wav_AW:%
B9 = —In(1 — (Bay — AB)) = —In (1 — BextBouin)

B2 = —1n (1 — (B, + AB)) = —In (1 — 3Bax—Bun)

Auxiliary parameters for the preference thresholds calculation

Wmin = minXG archive WQ (X)

W]Wa:c = IMaXxe archive WQ (X)
W. = er archive Wo(X)
av —

#{X
AW — Wntae=—Wan

2
lo
By o=~ (1= Buymp)
Bmin = IIliIlXe archive BMm\Q(X>
B, = —In (1 = Byn)
BMa;B = IMAaXxe archive BMm|Q(X)
Bﬁ\?{%x =—1In (1 - B]Wa:c)
B = ZXG archive BMm\Q(X)
av #{X}
AB — Bav*QBmin

X is a solution in the archive
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Table 5: Notation used in the model (continued)

Information on the priority regions

R

0
Ci(0) = By 0(0)
Ca(0) = Wo(o)

* . * — .
R Cor ) = (Mproajr; Mwir)
mir
Mi\R
WilR = Myr—myr
*
{wmz Ci(o) — mz‘}

priority region in the o.f. space
solution in R

first metric for solution p
second metric for solution p

reference point in R

minimum of metric 7 for region R
maximum of metric 7 for region R
weight of metric ¢ and region R in the
weighted Chebyshev distance

Chebyshev metric for metric ¢ and region
R

Simulation parameters

T = [T}]

to

1]

twarm—up =1lg+ 1

T

jn(fs) = (1 - b)‘%nfl(fs) + banl(fs)

base matrix with offered bandwidth values
from node ¢ to node j [Mbps]
compensation parameter

duration of the first stage of the initialisa-
tion phase, where only periodical updates
of the estimate of the offered traffic are
performed

duration of the second stage of the initial-
isation phase, where periodical updates of
the estimate of the offered traffic and of
the routing plan are performed

duration of the initialisation phase
update period of the estimates of the of-
fered traffic and of the network routing
plans

estimate of the average traffic offered to
the network by the flow f, in the time in-
terval [n7; (n+ 1)7]

Xn-1(fs) estimator of the average value of the traffic
offered by f, to the network in the previ-
ous interval [(n — 1)7;n7|

b compromise value between the need to ob-
tain a quick response of the estimator to
rapid fluctuations in X (f,) and the stabil-
ity of the long-run variations

Miscellany of auxiliary parameters

fs flow of service type s

So(B) set of QoS(BE) service types

A? total traffic offered by flows of type s

A carried traffic for service type s

A(fs) mean traffic offered associated with f, €

Fs
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Table 5: Notation used in the model (continued)

Miscellany of auxiliary parameters

Pks
m = (pkla

,Pk|3|)

adk\8\>

expected revenue per call of service type s

reduced traffic loads offered by flows of type s to [
vector of reduced traffic loads

equivalent effective bandwidths for flows of type s in I
vector of equivalent effective bandwidths

required bandwidth for service s [kbps]

required effective bandwidth for service s [channels]
test network

number of nodes in the network

number of unidirectional links in the network
link bandwidth [Mbps]

link capacity [channels]

basic unit capacity

average duration of a type s call

maximum number of arcs for a type s call

function for choosing candidate paths for flow f, for pos-
sible routing improvement
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