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1. Introduction

In the context of network capacity planning and management, traffic matrix (TM) estimation plays a crucial
role, as it provides the means for computing the volume of traffic that flows between all pairs of nodes in a
network. Since the TM estimation problem was first addressed in [13], various techniques for its solution have
been introduced based on observed traffic counts on every link in the network. In operational IP networks,
these link counts can be obtained from readily available link load measurement data provided by SNMP.
If a TM is obtained systematically over a number of fixed time periods, the components of these traffic
matrices form a counting process. In existing statistical approaches for TM estimation, this counting process
has been modelled by conventional traffic models such as Poisson [13], and Gaussian [5], since these traffic
models have attractive theoretical properties. These approaches, however, have been shown to have limited
accuracy and cannot be generally applied to practical IP networks [11]. Thus, increasingly, there is a need
for new methods that make more accurate assumptions about the traffic characteristics of the flows between
OD pairs.

In [6] we proposed a new method for Traffic Matrix (TM) estimation in IP networks that provides an improve-
ment on accuracy over existing methodologies. The proposed method solves the TM estimation problem by
dividing it into two main subproblems: 1) First, from a multiple set of link counts obtainable from a consec-
utive set of SNMP measurements and a given routing matrix, obtain a series of traffic matrices by applying
a standard deterministic approach. The components of these matrices represent estimates of the volumes of
flows being exchanged between all pairs of nodes at specific measurement points and they form stochastic
counting processes, respectively. 2) Then, a Markovian Arrival Process of order two (MAP-2) is applied to
model the counting processes formed from this series of estimated traffic matrices.

We now comment on the choice of MAP-2 process for modelling components of the traffic matrix: In order
to obtain efficient algorithms for capacity planning and management, the network planner has to consider
analytically tractable traffic descriptors. Tractability also has to be preserved in the parameter matching
procedures, required for characterisation of the traffic inputs based on real traffic measurement data. In [2]
Markovian Arrival Processes (MAPs) have been successfully applied in the context of IP network planning
and it has been shown that these traffic descriptors provide a very good balance between modelling accuracy
(i.e., the capability of capturing burstiness and correlation characteristics of real IP traffic) and efficiency –
as provided by powerful matrix-analytic computational procedures for queueing systems. Furthermore, to
support this planning model in [3], a moment based matching method was developed to approximate bursty
and correlated traffic inputs by a MAP-2 process. It has been demonstrated that the MAP-2, together with
their proposed matching method, can model bursty and correlated traffic more accurately than conventional
MMPP-2 models with respect to the observed queueing behaviour. However, to populate this model one
needs to collect empirical data of inter-arrival times on links in the network and this is more difficult to apply
in our proposed TM framework [6], since this relies on link counts being provided as input.

In this paper, we develop a matching model for a MAP-2 process that is purely based onthe moments of the
counting processes. Although the model is more generally applicable, our efforts were driven by the need to
provide a solution for Step 2 of the above-mentioned TM estimation framework. In this context, we focus
on capturing the dynamics of large aggregates of traffic, rather than those of individual flows. To validate
the accuracy of the proposed matching model, we employ a simulation study by using a synthetic correlated



traffic, as well as real network traffic obtained from two backbone networks as input into a single-sever
queue, served in a first-in-first-out (FIFO) fashion. The queue waiting time and queue length performance
characteristics were measured when both the original and the approximate MAP-2 processes are fed into the
queue in order to see if the approximate model matches well the impact that real traffic has on a queueing
performance. The results showed a good accuracy of the proposed model across a range of traffic load
scenarios.

The rest of this paper is organized as follows: In Section 2, first the MAP process is introduced with its
properties. Then, the proposed matching model for a MAP-2 based on the moments of a counting process
is presented. In Section 3, a simulation scenario is presented for evaluation of the accuracy of the proposed
matching model along with the validation results. Finally, concluding remarks are presented in Section 5.

2. AN APPROXIMATE MODEL FOR THE CORRELATED TRAFFIC

A MAP is a process which counts transitions of afinite continuous-time Markov chain (CTMC) withm
states. The sizem is called the order of the MAP, and determines the dimensions of matricesD0 andD1:

D0 =




−q11 q12 · · · q1m

q21 −q22 · · · q2m

...
...

. . .
...

qm1 qm2 · · · −qmm


, D1 =




a11 a12 · · · a1m

a21 a22 · · · a2m

...
...

. . .
...

am1 am2 · · · amm


 (1)

whereqii =
∑m

j=1,j 6=i qij +
∑m

j=1 aij . D0 andD1 represent the transition rates of the MAP process and
define the infinitesimal generatorQ = D0 + D1. D0 has negative diagonal elements and non-negative off-
diagonal elements governing the transitions of the arrival process which do not produce an arrival andD1

is a non-negative matrix, with elements governing the transitions of the arrival process which produce an
arrival. MAP-2 process is uniquely defined by six parameters because the negative diagonal elements ofD0

are expressed using the remaining parameters:q11 = q12 + a11 + a12 andq22 = q21 + a21 + a22. The steady
state probability vectorπ for a MAP-2 process is defined as follows.

π(1, 1) =
a21 + q21

a21 + q21 + a12 + q12
, π(1, 2) =

a12 + q12

a21 + q21 + a12 + q12
(2)

The six parameter characterisation of a MAP-2 process permits finer control for capturing the properties of the
original process that heavily influence the performance of a queueing system, as opposed to four parameter
characterisation (MMPP-2) or one (Poisson) and, thus, it can achieve a much closer match to the original
process.

We denote the counting process byN(t), representing the number of arrivals in the interval (0,t]. Our pro-
posed matching model for a MAP-2 process uses the following six characteristic parameters of the counting
processN(t) viz:
1. Mean arrival rate -E[N(t)],
2. Index of dispersion for counts -I(t),
3. Limiting index of dispersion for counts -I(∞),
4. Squared coefficient of variation of the counts -c2,
5. Covariance of the counts in intervals(0, t] and(t, 2t] - C(t),
6. Third moment of the counts -µ3(t).
In [8] [12], the meanE[N(t)] and the varianceV ar[N(t)] of the number of arrivals in(0, t] for a MAP
process were given by:

E[N(t)] = πD1e · t (3)

V ar[N(t)] = (1 + 2πD1e)E[N(t)]− 2πD1(eπ + Q)−1D1e · t− 2πD1(I − eQt)(eπ + Q)−2D1e .

wheree, e, andI are a column vector of ones of appropriate dimension, the base of the natural logarithm, and
the identity matrix, respectively. Thus, for the ratio of the variance and the mean of the number of arrivals in
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(0, t], namely the index of dispersion for counts, one obtains:

I(t) =
V ar[N(t)]
E[N(t)]

= 1 + 2πD1e− 2πD1(eπ + Q)−1D1e

πD1e
− 2πD1(I − eQt)(eπ + Q)−2D1e

πD1et
. (4)

For t →∞, the limiting index of dispersion for counts becomes:

I(∞) = lim
t→∞

V ar[N(t)]
E[N(t)]

= 1 + 2πD1e− 2πD1(eπ + Q)−1D1e

πD1e
. (5)

The squared coefficient of variation ofN(t) is given by:

c2 =
E[(N(t))2]
(E[N(t)])2

=
V ar[N(t)] + (E[N(t)])2

(E[N(t)])2
(6)

=
(1 + 2πD1e)πD1e · t− 2πD1(eπ + Q)−1D1e · t− 2πD1(I − eQt)(eπ + Q)−2D1e + (πD1e · t)2

(πD1e · t)2 .

The covariance ofN(t) in intervals (0,t] and (t,2t] is given by [12]:

C(t) = π(M1(t))2e− (πM1(t)e)(πeQtM1(t)e) (7)

whereM1(t) represents the first moment matrix of the counts during an interval(0, t] and is given by:

M1(t) = E[N(t)]eπ + (eπ −Q)−1D1eπ + e(πD1(eπ −Q)−1)− 2
E[N(t)]

t0
eπ

Lastly, the third moment of the counts,µ3(t), can be easily derived from the third factorial moment,ν3(t), as
shown below:

µ3(t) = E[(N(t)− E[N(t)])3] = E[(N(t))3]− 3E[(N(t))2]E[N(t)] + 2(E[N(t)])3 . (8)

In [9], the third factorial moment,ν3(t), for the counting process was given in terms of the six parameters of
MAP-2, as follows:

ν3(t) = E[N(t)(N(t)− 1)(N(t)− 2)] = E[(N(t))3]− 3E[(N(t))2] + 2E[N(t)] (9)

E[(N(t))3] = ν3(t) + 3E[(N(t))2]− 2E[N(t)] (10)

After some algebraic transformation, for the third moment of the counts one obtains:

µ3(t) = ν3(t) + 3E[(N(t))2]− 2E[N(t)]− 3E[(N(t))2]E[N(t)] + 2(E[N(t)])3 (11)

= ν3(t) + 3((1 + 2πD1e)πD1e · t− 2πD1(eπ + Q)−1D1e · t
−2πD1(I − eQt)(eπ + Q)−2D1e + (πD1e · t)2)− 2(πD1e · t)
−3((1 + 2πD1e)πD1e · t− 2πD1(eπ + Q)−1D1e · t
−2πD1(I − eQt)(eπ + Q)−2D1e + (πD1e · t)2)(πD1e · t) + 2(πD1e · t)3 .

The above six characteristics (i.e., the values on the left-hand side of equations (3), (4), (5), (6), (7) and (11))
can be easily derived from SNMP-based measurement data. The expression of these six characteristics and
their respective measurement values form a nonlinear system of equations which can be solved to obtain the
unknown parameters of the MAP-2 process. Note that, in order to solve this system, one has to also specify
a time pointt for the interval of the counts. In [7], the choice of the timet for their matching model for
MMPP-2 was discussed in detail. They chose a time point based on the best fit to the variance-time curve.
We have followed the same approach for obtaining a good choice for the timet in our model.

The closed-form expressions of the chosen six characteristics of MAP-2 are quite complex and do not lend
themselves easily to efficient inversion procedures for derivation of the MAP-2 parameter set. Therefore, for
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the solution of the nonlinear system of equations, denoted asCi = Fi(P) wherei = (1, 2, . . . , 6), we use the
approach of solving the following minimisation problem:

Minimise
∑6

i=1[Fi(P)− Ci]2, s.t. P≥ 0 (12)

whereCi represent the statistical characteristics collected from the original process, andP = (p1, p2, . . . , p6)
is a vector of the six unknown parameters defining the approximate MAP-2 process. For the solution of the
above minimisation problem we used Matlab optimisation toolbox and we focused on finding a local mini-
mum rather than employing a global solution approach. Searching for a global minimum would significantly
increase the computational effort and, for the purposes of our model, this is regarded impractical1. Specif-
ically, the nonlinear optimisation program was solved using a Matlab function calledfminsearch . The
function is used for solving unconstrained nonlinear optimisation problems and it starts its search using a
solution from an initial estimate given as an argument. The general approach we employed is to gradually
increment the initial estimate by a small step size, and use it withfminsearch until a local minimum is
found.

3. RESULTS AND DISCUSSION

To validate the accuracy of the proposed matching model a purpose built queueing simulator was developed
using C++. Evaluation of the performance of the matching model is performed by applying the following
three-step procedure. First, we perform a simulation study of a single server FIFO queue (with Erlang-2
service time distribution) by feeding various traffic arrival processes and measure the corresponding queueing
performance characteristics. Then, we run the MAP-2 matching model to derive the respective approximate
processes for each of the original traffic inputs and feed these into the queueing simulator. Finally, we
compare the queue waiting time and queue length statistics obtained from the simulator with both the original
and approximate processes in order to examine the capability of the MAP-2 matching model to deliver the
target queuing performance.

In our evaluation method, we first generate synthetic “real-network like” correlated traffics by feeding a mix-
ture ofn MAP-2 processes (n=2,4,8) as component arrival processes. This was motivated by the illustration
in [1], that a superposition of four MAP-2 processes can capture well second-order self-similar behaviour
over several time scales. Ten different MAP-2 component processes were used, each with varying burstiness
and correlation parameters, to create 20 different test scenarios. Appropriate scaling method was applied to
vary the traffic utilization at the queue for eight different values starting from 0.25 to 0.95 for a step size
of 0.05. In addition, we use a real traffic data obtained from two backbone networks. Specifically, we use
data traces monitored from an Internet uplink operated by a major ISP in New Zealand [4], as well as from a
backbone link of the WIDE national network in Japan [10]. The first trace is from the Auckland-II data set
generated by NLANR MOAT and the WAND research groups. This data trace was obtained from an OC-3
ATM link, which connects The Auckland University to the global Internet, and the duration of this trace run
is three hours. The second data trace is obtained from the WIDE backbone traffic on an OC-12 link, during
the daily peak hours from about 14:00 on January 1, 2005, lasting for 15 minutes. Both packet traces include
GPS time stamps in each packet header allowing us to compute the inter-arrival time of packets flowing on
these links at fine time granularities.

The first set of results pertaining to the correlated traffic test scenarios are summarised in Table 1 as averages
over each set of traffic inputs at a given link utilization value. The table shows the relative percentage errors
(RE) for the waiting time and queue length statistics obtained from the approximate model with respect to the
ones incurred by the real traffic as a function of the link utilization (in the range0.25 − 0.95) for 2, 4 and8
superimposed MAP-2 processes, respectively, The REs are defined asRE = 100(approximate− real)/real
and the average absolute RE (ARE) for each link load, respectively, are computed asARE =

∑20
i=1 |REi|/20.

The results demonstrate a very close match of the performance statistics when both the correlated traffic and

1Note that traditionally local minimum solution approach has been applied in parameter estimation techniques for MMPP based on
maximum likelihood methods.
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the approximated MAP-2 traffic are fed into the queueing system.

2*MAP2 4*MAP2 8*MAP2
ρ E[W] V[W] E[Q] E[W] V[W] E[Q] E[W] V[W] E[Q]
0.25 3.64 7.00 6.52 0.22 15.11 1.92 1.50 0.17 1.76
0.35 3.90 3.30 5.47 1.02 20.47 3.21 2.66 4.26 2.94
0.45 2.89 5.91 3.47 0.65 23.54 2.74 2.46 15.01 2.72
0.55 1.95 6.91 2.19 0.60 20.51 2.84 3.29 26.03 3.40
0.65 0.66 8.05 0.22 0.57 13.86 1.87 5.23 21.70 5.27
0.75 0.15 2.13 1.44 0.46 8.60 0.28 0.85 26.80 1.07
0.85 2.51 6.83 5.15 0.79 21.55 2.14 0.30 8.32 0.23
0.95 5.25 2.59 8.71 0.87 17.74 3.03 4.88 2.31 5.30
ARE 2.62 5.34 4.15 0.62 17.67 2.25 2.65 13.08 2.84

Table 1: RE(%) for the mean and the variance of the queue waiting time and the mean queue length

Figure 1: The mean queue waiting time for Auck-
land II traffic trace. The ARE(%) across the (0.05-
0.7) utilisation is 11.44%.

Figure 2: The variance of queue waiting time for
Auckland II traffic trace. The ARE(%) across the
(0.05-0.7) utilisation is 33.13%.

Figure 3: The mean queue waiting time for WIDE
traffic trace. The ARE(%) across the (0.05-0.7)
utilisation is 10.72%.

Figure 4: The variance of queue waiting time for
WIDE traffic trace. The ARE(%) across the (0.05-
0.7) utilisation is 41.46%.

To verify whether our model performs well with actual Internet traffic, in the second set of test scenarios
in our evaluation study, we considered real IP traffic as input processes into the analyzed queueing system.
Figures 1, 2, 3, and 4 give a summary of the queue waiting time results obtained from data traces Auckland II
(the first two) and WIDE (the last two), respectively. It can be seen, that the model matches well the impact
that the real traffic has on a queueing performance across traffic intensities that fall in the range (0.05-0.5)
and for traffic intensities above 0.5 the accuracy of the model starts to decrease slightly. Note, however,
that across the whole range (0.05-0.7) the accuracy of the prediction of the mean waiting time is quite good
with ARE = 11.44% and 10.72% for the two traffic traces, respectively. Given that operational networks are
designed and managed with a maximum link utilization as a constraint and its value is often in the 0.7 range,
we conclude that the proposed model is capable of capturing and conveying the queueing performance of the
original processes well in practical applications.
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4. CONCLUSION

A new matching method has been developed based on the moments of the counting process, which takes
six characteristics of an aggregate traffic and translates them into an equivalent MAP-process by solving a
minimisation problem. This model was specifically built for use in the context of traffic matrix estimation
and, consequently, it takes at input traffic count statistics which can be readily obtained from SNMP system
measurement data.

The accuracy of the proposed model has been evaluated using a queueing simulation approach using two types
of input traffics: synthetic correlated traffic and real traffic obtained from two ISP networks. The simulation
results demonstrated that the proposed matching model is capable of capturing and conveying the queueing
performance of the original processes well. Good accuracy was maintained across the range of link traffic
intensities typical of operational networks (i.e., up to 70% link loads). Although the accuracy of the model is
satisfactory, the nonlinear optimisation program it deploys requires a high computational effort. Further work
will focus on refining this solution method so that a more efficient inversion algorithm can be developed for
estimation of the MAP-2 parameter set.
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