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Abstract— In this paper we provide a characterization of OBS
traffic (burst size, interarrival time and scaling behavior) when
the input traffic is long-range dependent. The analysis shows that
the influence of self-similarity on blocking probability is negligi-
ble, since the arrival process can be assumed to be Poisson in the
timescale of interest for burst blocking. However, the impact for
optical buffer dimensioning is significant. On the other hand, the
scaling region is shifted to larger timescales while traffic variabil-
ity at low timescales is increased. These findings serve to accu-
rately dimension number of output ports and optical buffers in
OBS routers when the incoming traffic comes from a large popu-
lation of Internet users.
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I. INTRODUCTION AND PROBLEM STATEMENT

Optical Burst Switching (OBS) [1] provides “coarse packet
switching” service in the optical network, namely a transfer
mode which is halfway between circuit switching and pure
packet switching. First, a control packet is sent along the path
from source to destination in order to reserve resources for the
incoming burst. Then, the data burst follows after a short offset
time. On one hand, OBS does not incur in the overhead of a
(two-way) circuit setup as in a pure circuit switching network.
On the other hand, buffer requirements at the intermediate nodes
are drastically reduced in comparison to a pure packet switching
network, since the switching matrix can be arranged in advance
in order to avoid buffering for the incoming burst. Furthermore,
OBS offers scope for differentiated quality of service, (MPLS)
traffic engineering and path protection and restoration.

Since OBS networks are based on unconfirmed resource
reservation, input bursts are subject to blocking in the OBS
routers along the path from source to destination. In order to
achieve a target blocking probability, the two parameters of in-
terest for router dimensioning are number of output ports (usu-
ally wavelengths per fiber) and optical buffers. For such dimen-
sioning purposes, it is usually assumed [2], [3] that the burst
arrival process is Poisson and that the burst length distribution is
negative exponential, hypergeometric or Pareto. Consequently,
the router occupancy can be modeled as a birth-death process
and closed expressions for blocking probability can be obtained
from Erlangian analysis. However, to the best of our know-
ledge, there are no papers that actually analyze if the Poisson
assumption holds and what is the burst size distribution if the
input traffic to the optical cloud does not have independent in-
crements. In this paper, we provide a characterization of OBS
traffic assuming, in accordance to widely accepted traffic mea-
surements [4], that the OBS network carries long-range depen-
dent traffic. Our objective is to determine to which extent the
self-similarity features of incoming traffic affect OBS traffic

and, ultimately, QoS parameters such as blocking probability.

Fig. 1 shows the scenario under analysis. Since incoming
traffic to the OBS cloud comes in packets, burst assembly func-
tionality is required at the edges. We will denote the inter-
working units in charge by OBS edge shapers. An OBS edge
shaper maintains a separate queue per Forward Equivalence
Class (FEC). One possible alternative for implementation is La-
beled OBS, an extension of MPLS for OBS networks. We con-
sider traffic characterization at the input of the OBS router (as
indicated in Fig. 1), noting that such traffic constitutes the of-
fered load to the optical network.

The traffic characteristics of OBS traffic will be highly depen-
dent on the burst assembly algorithm. Ge, Callegati and Tamil
have recently proposed an algorithm for burst assembly [5] that
works as follows: Incoming packets to the edge shaper are de-
multiplexed according to their destination in separate queues. A
timer is started with the first packet in the queue. Upon timeout
expiration, the burst is assembled and relayed for transmission.
As a result, the burst assembly time is kept within the timeout
value independent of network load. In doing so, large packetiza-
tion delays due to burst assembly are avoided, thus circumvent-
ing a major drawback of OBS. Furthermore, the fact that bursts
are variable length is in accordance with the OBS paradigm [1].
On the other hand, prior to burst transmission, the signalling
agent is provided with the burst size and a control packet is re-
leased. An offset time later the burst is transmitted to the OBS
router. We will assume that the offset time is short and constant,
namely the edge shaper provides a single QoS class. Thus, the
influence of the offset time in the data burst arrival process is
only a time shift.

In this paper, we study the offered traffic to the OBS node
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assuming that edge shapers are loaded with long-range depen-
dent traffic. Our findings show that despite of long range depen-
dence the burst arrival process can be assumed to be Poisson in
low timescales. As a consequence, there is nearly no influence
of self-similarity on blocking probability, while the influence
is significant in optical buffers dimensioning. Finally, we show
that OBS traffic inherits the self-similarity of the input traffic but
the scaling region is shifted to larger timescales while marginal
distribution variability at smaller timescales is increased.

A. Traffic self-similarity (scaling)

Traffic self-similarity (or scaling) is defined as follows: Let
{Z(t),t € R} be the continuous process of number of bytes
arriving in the interval [0, t) and consider the discrete-time pro-
cess {X, = Z(ké) — Z((k — 1)d),k € N,k > 1}, being ¢
a measurement interval. Note that X denotes the (stationary)
discrete process of number of bytes per time interval §. Now,

consider the aggregated process XZ.(") = %ZZ;L@_UH Xz,
with n > 1,4 > 1 and let p("™)(j) with 5 > 1 be the auto-

correlation function of X,i”). The process Xy, is asymptotically
second-order self-similar if lim,, .. p™ (j) = 3((j + 1)?¥ —
2528 + (j —1)2H) where H is the Hurst (or self-similarity) pa-
rameter. For 1/2 < H < 1 the autocorrelation function decays
slowly, thus being not summable, and we call X} long-range
dependent.

Note that » defines a traffic timescale. On the other hand,
self-similarity is an asymptotic property, namely, it only hap-
pens when n — oo. In practice, there is a cutoff timescale
(6) beyond which the traffic behaves as a stationary Gaussian
self-similar process with constant H parameter, while the short
timescales show complex, multifractal behavior. For timescales
beyond such cutoff value the number of bytes per interval are
well modeled by a Fractional Gaussian Noise (FGN)*. We note
that a single arrival process cannot provide a traffic characteri-
zation at all timescales. Intuitively, the number of packets per
interval can be arbitrarily small if we select a timescale small
enough. Hence, for a very short timescale the marginal distri-
bution of the arrival process is not Gaussian but discrete. As
we increase the timescale, by the Central Limit Theorem, the
statistical multiplexing of packets coming from a larger number
of sources results in a Gaussian process. As the network band-
width increases more packets from different sources can be ac-
commodated in smaller timescales. Thus, the cutoff timescale
is expected to decrease with the increasing bandwidth brought
by optical technology.

On the other hand, for packet-switched networks the traffic
dynamics at low timescale are relevant, specially at low or in-
termediate load [7]. However, traffic is aggregated in bursts
in an OBS network. Therefore, the traffic dynamics at short
timescales are not relevant since the burst assembly process can
be viewed as a low-pass filter for packet arrival variability at

LAn FGN is defined as the increments of a Fractional Brownian Motion [6].

short timescales. We note that the minimum timescale that we
consider in this paper is the burst assembly timeout. Conse-
quently, we may safely assume that, for such timescales, the
incoming traffic to the optical cloud behaves as a FGN [6].

The rest of the paper is organized as follows: in section I-
B we define the methodology, section Il presents the analytical
models, followed by the results and discussion in section Il1.
Finally, we present the conclusions that can be drawn from this

paper.

B. Methodology

We will first assume that the traffic carried by each FEC is a
FGN and that FGNs are independent one another. The OBS net-
work supports several FECs from different edge OBS shapers
which are assumed to have the same mean y, variance o2 and
Hurst parameter H, without loss of generality. The FGN pa-
rameters are set to those inferred from the Bellcore traces (co-
efficient of variation ¢2 = o%/u? = 0.1, Hurst parameter
H = 0.78), which have also been used in other studies [6], [8],
[9]. The mean p is a position parameter for the Gaussian distri-
bution and is set to different values in order to simulate different
load conditions. We will denote by { AFZC(¢),¢ > 0} the bytes
arrival process to a FEC burst assembly queue in the interval
(0,¢] (see Fig. 1). Finally, recall that the burst assembly algo-
rithm is timer-based: upon arrival of the first packet in a FEC
a timer is started and the burst is ready for transmission once
the timeout expires, as proposed in [5]. The timeout value is a
parameter in our analysis, which is set to 2 and 4 ms. Anyway,
an arbitrary timeout value can be selected since our formulae
provide explicit expressions for the traffic model as a function
of the timeout value, among others.

Il. ANALYSIS

First, the burst size is evaluated, followed by the burst inter-
arrival time. Then, the OBS traffic self-similarity features are
examined. The following preliminary lemma is used through-
out the section.

Lemmal. Let {Z(¢),t > 0} be a standard Fractional Brow-
nian Motion with Hurst parameter H (1/2 < H < 1). Let
{A(t) = pt + oZ(t),t > 0} be the Gaussian self-similar
process that represents the number of bytes arriving in inter-
val (0,t]. Then, A(t + At) — A(t) with At > 0 is a Gaussian
random variable with mean At and variance At?>H o2 [6].

A. Burst size distribution

Let the timeout value be equal to T, seconds. Then, the
number of bytes per burst from FEC : is equal in distribu-
tion to AFEC(T,,;) — AFEC(0) due to the stationarity of
{AFEC(¢),t > 0},i € I, being I the set of FECs supported
by the OBS router. By direct application of lemma 1 the distri-
bution is Gaussian with mean 7,1 and variance 725 52.

]



B. Burst interarrival time distribution

First, we show that the probability of interarrival times larger
than T}, is very small. Let m be the number of FECs and
T the random variable that defines the burst interarrival time at
the OBS router, with 7" > 0. Now consider the events M, =
{”No burst arrivals to the OBS node in time (¢,¢ + 7)”} and
NI = {"No packet arrivals from FEC i in time (¢,t + 7 —
Tous”"} for 1 < i < mand 7 > Tioue. We note that M, C
Ni~, NI and, thus, P(M,;) = P(T > 1) < [[/~, P(N%).
Now P(N%) can be obtained by assuming that FEC 4 does not
receive traffic in a time interval 7 if the corresponding traffic
{AFEC ()t > 0} fulfills AFFC(7) — AFEC(0) < 0. By
lemma 1, AFEC(7) — AFEC(0) is a Gaussian random variable
with mean 71 and variance 72 o2, so that

; u?
P(va') N exp {_2(7_ _ T(mt)2H72O—2 } (1)

using the well-known approximation for the tail of a Gaussian
distribution. Therefore

pPm
2(1 — Tyout)?H 202 @)

and since 1/2 < H < 1 then P(T > ) decays exponen-
tially with m (7 — T,.:)2~2H. We note that P(T > 7) decays
as m increases, being m the number of FECs. Consistent with
the expected bandwidth increase and processing power of OBS
routers, it is reasonable to assume that m will be large and the
last probability negligible. Nevertheless, we perform simula-
tions with m small (in the tens) in the next section and check
that the probability of interarrival times larger than T, is neg-
ligible.

Consequently, on the other hand, the number of burst arrivals
at timescales 7 < Ty, can be approximated as a Binomial ran-
dom variable B(m,p) withp = 7/T,,:. LetY (7), 7 > O repre-
sent the number of burst arrivals in 7, then the burst interarrival
time distribution can be obtained as

P(T >71)=P(M;)<exp {—

PIT>71)=PY(r)=0)~ (1-7/Tou)™ 0<7<Tou
®)
At very short timescales we note that 7/7,,; — 0 and, if m
is large enough so that m7/T,,: — A, being A a positive con-
stant, the Binomial distribution can be approximated by Pois-
son with parameter \ and the interarrival time is negative ex-
ponential. For larger timescales, as we have seen before, T
converges in distribution (with m) to a random variable with
support (0, T,.:), while the support of the exponential random
variable is (0, c0). Therefore, the Poisson assumption tends to
overestimate large interarrival times. However, (3) is an approx-
imation of order m of exp[—m7/T,.:]. Therefore, for large
m We may assume that interarrival times are exponentially dis-
tributed in the whole interval (0,T,.:), the better the approxi-
mation the lower the interarrival time.

C. Self-similarity and marginal distribution variability

Even though OBS traffic can be considered as Poisson (Pois-
son arriving Gaussian size bursts) in low timescales, traffic re-
mains self-similar in timescales beyond T,;. In order to eval-
uate self-similarity we choose the popular variance-aggregation
plot for the bytes arrival process. Choosing the bytes arrival pro-
cess has a twofold advantage: First, it allows to check to which
extent the OBS traffic A9 () inherits the self-similarity fea-
tures of the input traffic A”F (¢), since they both come in the
same units. Secondly, it allows to characterize the OBS router
offered load: Let C' be the aggregate capacity (bps) of an output
fiber in the OBS router?, then A955(¢) /(tnC) is the offered tra-
ffic per fiber (Erlangs) in the interval (0, ¢], being n the number
of fibers and assuming uniform destinations. The offered traffic
determines the router blocking probability. For a Poisson arrival
process the offered traffic has independent increments. How-
ever, the offered traffic to an OBS router does not have indepen-
dent increments, as we will show in this section, and that has an
impact in blocking probability. On the other hand, the use of a
variance-aggregation plot is convenient since not only an esti-
mation of the H parameter is provided, but also the timescales
for which the process shows scaling behavior can be observed 3.
The H estimation is obtained with the slope of the least-square
regression line of the variance-aggregation plot, which decays
as 2H — 2 for a long-range dependent process. The estimate
proves reliable for an stationary, homogeneous Gaussian pro-
cess [10, Chapter 4].

Let us consider timescales shorter than 7,,,,;. First, we show
that OBS traffic is not long-range dependent for such timescales.
Then we provide a tight lower bound for variance versus ag-
gregation level. Since the number of burst arrivals in intervals
of duration 7 < T,,;, which we denote by Y (), is approx-
imately given by a Poisson random variable with parameter
A = m/Ty,:, the moments are equal to E[Y(7)] = 7 and
ElY(1)2] =12+ (TA)2 =7A(1 + 7N).

On the other hand, the number of bytes per burst has a normal
distribution with mean T}, and variance T2, o2. According

tout

to our notation, if A9B5(t) is the number of bytes in (0, ¢] then
ACBS () =Y 7. being Z;,i =1,...,Y(r) i.i.d random
variables N (T, TH o). Then,

E[A9B5(r)] =
BA°PS(r)2) =

E[E[A°PS(7)|Y (7)]] = E[Z)E[Y ()]

E[Y (r)|Var[Z] + E[Y (1)*|E*[Z] (4)

with 0 < 7 < T,,,; and zero otherwise. Thus,
Var[A9P3(7)] = T3, 0% + Toii0?) (5)

and the variance-aggregation plot is obtained by (log-log)
plotting Var[A9BS (1) /7] versus the timescale 7 with 0 < 7 <
T,ue. Since

2(Number of wavelengths per fiber)x(Wavelength bandwidth (bps))
3We have also used wavelet-based estimators and obtained the same results



VarlA9PS(r)/r) = 2150 + T2 (6)

[}

it turns out that Log(Var[A9P%(7)/7]) = Log(K;) —
Log(7), being K a constant, namely the variance of the ag-
gregated process decays linearly (slope -1) with the aggregation
level in log-log scales and, consequently, the process does not
show long-range dependence for timescales shorter than T5,,,;.

While the Poisson approximation is adequate for timescales
shorter than Ty, it becomes less accurate as we approach to
timescales in the vicinity of T,,;, since the number of bursts
is m with probability close to one, following the discussion
in section II-B. We now provide a tight lower bound for
Var[A9BS(7) /7] in the region 0 < 7 < T,,;. To do so, we
consider the constant £ = dt such that the probability of more
than one burst arriving in a time interval £ is very small. Now,
we "slot” the time axis in n..¢ Slots per timeout interval, being
Neout = Lout/E. 1T € is small we can obtain the number of burst
arrivals at discrete timescales (0, j€],j < niou: as @ hypergeo-
metric random variable Y (j) with distribution:

L))

PY() =) = () ™

m

with maz (0, m — nyow + j) < y < min(j, m). We proceed
by substitution of the moments of Y'(5) in (4), as we did be-
fore with the Poisson moments. Consider the slotted” process
AOBS' () = AO9BS(j¢) and obtain Var[A9B5(j) /4] versus
the timescale j with 1 < j < nyous, NamMely

Var(A95(j) /) = ®)
~ {Uznggl,t + n?outMQ (1 — + (];tlo)u(:nf_ll))} :

.intout Ntout
Now, for timescales larger than T5,,; consider the total input
traffic before the edge shaper A+ () = "7 | AFFC(1). It

can be shown (see the appendix for a proof) that
AFEC* (t)

(’AoiS(t) 3 : ‘ - 6) _ ©)

for all e > 0 and, therefore, the variance-aggregation plot of
OBS traffic converges in probability to that of the input process
ast — oo. Thus, as the timescale ¢ increases the variance de-
cays with the power law K¢>#~2 for both processes, being K
a constant and showing the OBS traffic has long-range depen-
dence for timescales beyond T,,,;.

lim P

I1l. RESULTS AND DISCUSSION

Following the same structure as in the previous section we
first discuss results for burst size, followed by burst interarrival
time and, finally, scaling behavior and traffic variability. Over-
all, theoretical and simulation results show very good agree-
ment.

A. Burst size distribution

Fig. 2 shows the probability density function for burst size
with timeout values 2 ms (left) and 4 ms (right), obtained from
simulation. We first note that the burst size distribution is clearly
Gaussian with mean and variance as predicted by the analysis
and that the influence of self-similarity (H parameter) is signif-
icant, specially as the timeout values grows. This is due to the
fact that, as the H parameter grows, the variance of the traffic
sample mean (aggregated traffic) decays more slowly than in the
independent case (H = 0.5). Thus, the larger the H parameter
the larger the burst size variance. Since the burst size distribu-
tion determines the optical buffering requirements we conclude
that self-similarity has a strong impact in the OBS router storage
requirements.

B. Burst interarrival time

Fig. 3 shows the (log-linear) interarrival time survival func-
tion (complementary of the cumulative density function) for
different timeout values, following (3) ("Exact” in the figure)
and following the exponential approximation exp[—m7 /T pu:]
("Poisson” in the figure). The value of m is fixed and the x-
axis is 7/Tput, 0 < 7 < T,y being 7 the interarrival time.
We note that the exponential distribution tends to overestimate
large burst interarrival values, which have very small probabil-
ity, even for small values of m. In fact, the number of FECs
(m) is equal to 10 in the simulations and, thus, the simulation
results show that the probability of large interarrival times (see
(2) and discussion therein) is negligible, even for small number
of FECs. We will return to this issue when we compare block-
ing probability figures for exponential interarrival times versus
real interarrival times.

C. Self-similarity and marginal distribution variability

Fig. 4 shows analytical and simulation results for the
variance-aggregation plot. The Poisson approximation (6) is
accurate for small timescales while the Hypergeometric ap-
proximation (8) provides a tight lower bound, specially for
timescales in the vicinity of the timeout value. For timescales
inmediately following the timeout value we observe the effect
of burst assembly (sidelobes), which tends to smooth out as the
timescale increases (9). Overall, the process does not show
long-range dependence in timescales smaller than the timeout
value and scales as the original traffic for larger timescales.
Therefore, we observe a shift in the scaling region when com-
pared to the original FEC traffic and an increase in variability
in small timescales, due to the increase in variance of the OBS
traffic. On the other hand, the convergence in probability of the
sample means of both original and OBS traffic as the timescale
increases, predicted by (9) is apparent in the figure. Conse-
quently, as the timescale increases, the difference between both
original and OBS traffic, concerning scaling behavior, becomes
negligible. The results can be explained as follows: while tra-
ffic is not changed significantly for large timescales, in low
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timescales the traffic process is “whitened” due to burst se-
quencing and shuffling at the input of the optical transmission
queue. Opposite to this beneficial effect an increase in marginal
distribution variability is observed.

D. Impact for performance evaluation

In order to provide an example of the impact of traffic model-
ing in OBS performance evaluation we consider an OBS router
with a bufferless symmetric switch engine with 7 fibers and m,,
wavelengths per fiber and full wavelength conversion capability.
If the input traffic is Poisson, with uniform destinations and with
an RFD-based (reserve-a-fixed-duration) signaling scheme the
blocking probability per fiber is given by the Erlang-B formula
B(my,, I) [2] where I is the offered traffic per fiber, indepen-
dent of the burst size distribution. We perform simulations with
the same mean service time for a burst, same average arrival
rate and burst sizes modeled according to section II-A. The re-
sults for blocking probability (5, 10 and 20 wavelengths) are
presented in Fig. 5.

We observe that the Poisson approximation provides an up-
per bound for blocking probability, which is tighter as load in-
creases, but is not exact (simulation points fall below Erlang-B
curves). This is due to the fact that i) burst interarrival times
are not exactly exponential (section I1-B) and ii) the offered tra-
ffic does not show independent increments for timescales larger
than the timeout value (section 11-C). However, the relevance
of the arrival traffic statistics depends on the timescale of the
system under study [11]. For a high-speed network with small
or nearly no buffers the short timescales matter and the arrival
process can be safely assumed to be Poisson arriving Gaussian
bursts for practical engineering purposes.

IV. CONCLUSIONS

Our findings show that the influence of self-similarity is
only relevant for optical buffer dimensioning and negligible for
blocking probability, despite of the offered traffic showing long-
range dependence in large timescales. These results confirm the
use of Poisson arrivals, that is taken as a hypothesis in other pa-
pers, and provide explicit expressions for the exact distribution
of burst size, interarrival times and scaling behavior (variance
versus aggregation level).

APPENDIX

Proof of (9): Let {r;(¢),t > 0} be the backlog of FEC i,
1 < i < m, namely the total number of bytes in queue awaiting

m FEC
to be released in a burst. Then, 47251 — 2= - W=
and, if 67 (¢) is the time of departure of the last burst at time ¢
from FEC ¢ then r;(¢) is a normal random variable with mean
Aty and variance At?H o2, being At = t — 87 (t). We note that
the support of At is [T,y:, 00) and P(At > x), with & > T,
is equal to the probability of no packet arrivals in a time interval
of duration x — T,,;. Following (1), this probability decays
exponentially with « — T,,,; and, therefore r;(¢) is a normal

random variable with bounded mean and variance. As a result,

. . AO9BS (3)

r;(t)/t converges in probability to 0 as ¢ — oo and =——=
. . ™ OAFEC(p) AFEC (4

converges in probability to == = —, and that

proves (9).
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