MODELING OF BURSTY TRAFFIC USING HETEROGENEOUS
ON-OFF SOURCE MODEL

Rajab Faraj

Computer Engineering Department, Faculty of Engineering,
Al-Fatah University
E-mail: frajab@]lttnet.net

ozl
Jriiatd CosS 5La 2 3La5 al e 518l ol Il (yon (S5 o g 332 3,3
Ly YLl (SO sl O eyl o olal Al K e Sl 38yl
ool 2 IS Jlant M ALy 2 (asS5le 3Ll o clan Al | fanl
A el Jfiand Aai e 38T 0055 6 51 3Ll (e el (3 el @3 g Alaal|
Oisn O3990 30 J39aS 518 ¢ GagS Crewgld JigaSHle Jin ilal - Aleales JS& Sl
OSeas STy Calata oW1 5 yalls Julos b Lgalaseical mlay¥ 2 3Laill o3ia 0 pudg
7353 98 Cgn Il Lhend Laludin! z3Ledtl 381 ol LSl (o pat Lgal el
5 pioio 33lian sue bl e 38,0 3S ! e dalaimion) @5 o gl —0yl
2 a9l gl 3lins e nimiial Gigny | yiag Ll . puyMale z35ad 3 o3 Lo Jis
e i gl 09l £330 05 bl Al JS8 e 1 RS el ol
IS e GuSally Cagl Al 11 gl Al e JLESYT (39S Lanrie 3ol 2 Lt
gl —0ygl salias (e Rwilnia yud il sn Bue Al Cage BB )gll 018 (B - sl
sabiaall 293 300 Bl ¥l Ayllas Guleal e e z3sadll 25 1 38 ol S
RECCIE WA FET{ OSSN DN PP e W1 PX L PR PO IR EE TIPS
A AN ya 9SGl s (3 Loden Aol Jlgudl fy e ddlizes A gamma (ya
Ora Juld e alasial 45 @3y Alle Ldla 4 pnsiull 235 el 3oals
O LS caanll Jalang zga b1 ol i S s o 555 e Jgumael| (S 3Ll
Jazd 793 3 Cal oW1 slog¥ Jial) (3 Aooiiiaad | 5 il Jalgall (ya Julall soaall
23903 (e el 1a (3o ps bt @3 (G0 £ 3gadll Cating Uiy Lo 3gad 4 e
degazmes £99 31 BV A3 dagea i Glontle 35155 Aoy o Ogeuot!
LaS gyl z39a0 e & Ly 3T Ml 3502l 005 ity - Apea) 19l (e
Lol @3 rtl A el e it S o] 9 501 ol yond¥1 Ay lae 5L
Bug Hglall #2300l f.u'zmu
ABSTRACT

Until recently it has not been clear whether Markov based models could be used to
model bursty traffic. It has been claimed that the large number of states needed to model
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the traffic makes Markov models inapplicable for all practical purposes. This has
initiated the search for other models that might be more suitable for modeling bursty
traffic such as Fractional Gaussian Noise (FGN), Fractional Brownian Motion (FBM),
Fractional Autoregressive Integrating Moving Average (F-ARIMA). For these models,
however, the analytical tools for analyzing queuing behavior do not exist. However,
they may be used in simulation.

The ON-OFF source model is the most popular model for voice. It was used to
model video traffic based on the minsources approach by Maglaris. Anick, Mitra and
Sondhi used the ON-OFF sources to analyze bursty traffic. The ON-OFF source model
is tractable for analysis when the transitions from the ON state to OFF state and from
OFF state to ON state are exponentially distributed.

In this paper, we will use classes of heterogeneous ON-OFF sources to model
video data. This model is based on matching the total covariance of the heterogeneous
sources to the real data. The covariance of the heterogeneous sources is composed of
different exponential functions, while in the homogenous case it is just one exponential.
The model is very attractive, because as we will see for a small number of ON-OFF
sources it is possible to get good results for the covariance and Index of Dispersion for
Count (/DC). Moreover, the small number of parameters makes the analysis in finding
the covariance and the parameters of the sources simple.

The model we developed is different from that of Andersen, et. al. We used the
Feldmann algorithm for approximating a long-tail covariance function by a finite
mixture of exponentials. However, Feldman, et. al., used the algorithm to fit probability
distribution. Our model is simpler than Anderson’s model. The matching of the
covariance and for the real data to the traffic generated using the model is quite good.

KEYWORDS: Markov Chains; Probabilistic Models; ON-OFF source models; Bursty
traffic

1. THE MATHEMATICAL MODEL

In this section we consider independent classes of ON-OFF sources, let N; (i= 1, 2,
..... m) denote the number of sources in class i to model long-range dependence traffic
such as video [1,3 and 11]. Within a class the sources are identical and independent. In
this model, for the ith class, packets are generated during talk spurts which are the ON
state, and no packets are generated during the OFF state. The times spent in the ON and

OFF states are exponentially distributed with means 1/B; and 1/o; , i= 1, 2, ..... m,
respectively. When the source is in the ON state it generates data at rate of R;, i= 1, 2,
..... m

The Asynchronous Transfer Mode (ATM) multiplexer consists of a server
transmitting cells at a specified line rate and a buffer whose size is determined by the
delay constraints on cell transmission. Cells arrive at the multiplexer from a number »;
(i=1,2,... m) of sources. See Figure (1).

The basic idea of the 3-class model is that there are three time frames for
transitions: short term, medium term and long term, respectively. The transition rates
are such that a;>> oy ....... >> o, and B >> By ....... >> f3,,, where for our model we
have m = 3, so that the shorter the time frame, the more rapid the transition. For
example, in the case of three level Markov chain the possible transitions are illustrated
in Figure (2). From each state there are three possible transitions: from state 1 there is a
short term transition that will take us to state 2 given by o; a medium term transition to
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state 3 given by o, and finally a long term transition that will take us to state 5 given by
o3. The most likely transition is to state 2. As shown in Figure (2), the three level two
state models are complicated.

Using the state transition diagram, the 3 level Markov chain shown in Figure (2)
can be mapped into the simple three independent ON-OFF sources model shown in
Figure (3). This can be verified by finding out the infinitesimal generator matrix from
Figure (2) and that from Figure (3).
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Figure 1: m-class ON-OF source mode
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Figure 2: Three level Markov Chain
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Figure 3: Three independent ON-OFF sources

Let [n; ny ... nj...ny, ; u] be the state with »; source in class i ON and the buffer
content does not exceed u and p,, ., (u)be its equilibrium probability. Packets are

served at a rate of C packets per time unit. We utilize the fluid flow approximation
[2,15], which has shown much promise in the analysis of ATM networks. Similarly to
[2] we have the following:

(iR‘.n‘. —CJM =S, (N, =, +)]p e ) )=

du S (1
{a, (N, =n,)+Bn}p .. e @+pB (n+1)p o @)
We express Equation (1) in the following familiar matrix form,
dp(u
DL &)
du
where D is an (N;+ 1)x....x (N,,+ 1) diagonal matrix, M is (N;+ 1)x....x (N,+ 1)
infinitesimal generator matrix and p(u) is a vector equal [ p,, o(u) ......... s Pony o @) ]

In the next section, we introduce the covariance function of Equation (2), which
will be used to derive the parameters that characterize the independent m class ON-OFF
sources. That is, the parameters determination is based on second order statistics.

2. MODEL PARAMETER DETERMINATION

Our work is based on finding the total covariance of the independent m classes N,
N, ....,N,, heterogeneous ON-OFF source model. Then by matching to the real data we
find out the parameters that characterize the ON-OFF sources by adapting the Feldman
algorithm to the fitting of the covariance [4]. We may view this algorithm as analogous
to Gram-Schmidth orthogonalization over the time axis. The goal is to approximating a
long-tail covariance distribution by a finite mixture of exponentials over shorter time
scales. That is, we approximate a non-exponential function with a sum of exponential
terms that we can easily deal with. The quality of the approximation is based on
goodness of fit of the approximation by comparing the covariance function of the model
with that of the data.
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The covariance CO of the number of packets of a long-tail process as a function of
the lag k and the Hurst parameter H [3, 9 and 10] behaves asymptotically as:
CO(k)~k*H—2 A3)
The covariance function given by Equation (3) decays hyperbolically (obeying some
power law) as the lag k increases rather than exponentially, where £ is the lag and H is
the Hurst parameter.

The covariance COV (7) of independent m class ON-OFF sources described by Equation
(2) is simply given by:

2
covin-3 Ri  aith)r
(0= a5, ¢ @)
Applying the additivity property to Equation (4), we find for the mean p,
u=y s )
(o, +5)
and for the variance Var,
Var:%alﬂlNlRlz 6
i=t (a;+p; )? ©
Let,
A=a; + B, =12, m 7
and
R 2
k,=a,fN, /12 s i=12 m 3

Substitute Equation (7) and Equation (8) into Equation (4) and assume that frames
are generated at rate of f frames /sec:

-AT Ayt AT AT
covny=ke /' +ke S+ +k e S =Ykt )

Equation (9) is a finite mixture of exponentials that approximate the long-tail
distribution function given by Equation (3). The idea is to approximate Equation (3) by
Equation (9), because performance models with component long-tail distributions tend
to be difficult to analyze.

As can be seen from Equation (9) we have 2m unknowns and therefore we need
2m Equations to find them. Since the covariance is composed of exponential
components Aj, Ay, ..., Ay, and m arguments K, K, ....K,,, we match at the quantiles: 0
<cl <c2<....<cm , which represent how many classes that we have. For example, for
two classes we have two quantiles ¢, ,c; and for three classes we have three quantiles ¢,
,¢2 ,¢3 and so on. In order to solve 2m Equations to find the 2m unknowns, let b be a
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scaling factor such that 1< b < (¢;+ 1) /¢; foralli; e.g., we could have b=4, ¢;=10 *

. c, ¢ c .
Ve for.2<i<m. -2 =-2=..—" See Figure (4) for the three source case.
¢ ¢
1 2 m-1
freg 4 hes =Ty fos ETSTY]
| ' ' | I
o 1 (=) 1 Ca Loy Frames

Figure 4: Illustration of how to choose the quantiles ¢, ,c;,c; and the
scaling factor b (¢; =1,c, =10,c; =100,b=4)

Given the real data and using the technique in [4] we can obtain the exponential
components A, Ag, ...., A, and the arguments K, K, ....K,, in reverse order by finding
first A,, and K, and then A,,.; and K,,_; so on until we find A; and K;. From Equation (7)

A>> Ay >> ... >>),. Therefore, at the quantiles ¢, and bc,, only the terms of the
covariance that have argument A,, count and those terms of covariance that have
arguments Az, Am-2, -..., A; are negligibly small. Therefore,
“AmCm
covi )=k e (10)
and
_ﬂmme
cov (e, )=k, e (11)

From Equations (10) and (11), we find the two unknowns A,, and K,,,
Now we proceed to find the other two unknowns 2,,; and K,,.; at the quantiles c,,.; and
bcy. ;. In this case only the terms of the covariance that have argument 2,,_; and A, count

and the terms of the covariance that have arguments A, >, A3, ...., A; are negligibly
small.
“AwCm- “ApiCm-i
cove, y=ke J +k e T (12)
“AmbC i “AmabCoi
covwe, y=ke 1 vk e T (13)

where A, and K, are already known from Equations (10) and (11).
Given A, K, Ay; and K, ; we find the next two unknowns A, > and K, ; at the quantiles
Cm-2 and me_g .

’/’imcm—2 ’/Im,lcm—2 ’ﬂ,m,zcm—2

CovV (c, )=k, e / +k e ! +k e / (14)
“AnbC s “AnabC “Am2bCrns

cove, y=ke T sk e T sk e / (15)

and so on until we end up with the last two unknowns A; and K;.
The final step is to find the parameters that characterize the ON-OFF sources i.e,
Lo, B, Ri; 02, B2, Ro; eeei; Oy By Ripe We have a system of 3m (where m is the number
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of classes and the factor 3 comes from the fact that each source has 3 parameters to be
determined) parameters to be calculated, however we have in hand only 2m known
factors (A4, k15 Ay, k2s......; Ay, ki ). The basic property of our model is given in section 1,
where the transitions rates are assumed to be such that a;>> o, ....... >> o, and B >>
B e >> B, (already from 7, we have A;>> A, >> ... >>A,,.). We use this assumption
in such a way that we have fewer unknowns to evaluate

Let ,-10"q. =2, m

From (8) we find Ri in terms of Ki, ai and fi,

R Ak, (16)
" NapN,

Substitute for R;, B; (B; = A;— o; ) in equation (5) we have, after some manipulation, the
following,

\/%N'k1 +\/a2N2k2 Forent /LiNik" + e + InN Ky =u (17)
(j'l_al) (ﬂz_az) (Z’i_ai) (ﬁ“m_am)
Since a, =10"q,, equation (17) can be written in the following form:

N ky + Nk, Foeet 7‘{1{\7% +oen, + 70’[]1\7’"](“ =u (18)
(}17“1) (10/1270[1) (10‘ /11'70‘1) (lom ]’mial)

The number of sources Ny, Ny, ..,N,, is given in advance. Also, we know the values of
My A2y oy Ay K1, Ko, ...K,, from matching to the data, and also we know pithe estimated
mean value of the real data. Therefore, the non-linear Equation (18), which is a function
of only one unknown parameter a;, can be solved numerically. Knowing the parameters
af;, Riaz Po, Ry ... am, By, Ry can be obtained very easily using Equations (7) and

).

3. NUMERICAL RESULTS

The model can be applied to any number of classes and any number of sources
per class. However, as the number of sources increases the solution of Equation (18)
becomes more difficult. Because of this, we apply the model to the three classes and one
source per class. Using the video data available in [7,8], we calculate the covariance
function for the real data and apply the procedure presented in section 2 to find the
parameters for the heterogeneous ON-OFF source model. These three heterogeneous
ON-OFF source models are used to generate video traces in Optimization Network
(OPNET) program. We generate almost the same number of real video data frames of
approximately 50,000 frames for video-conferencing, video-phone, TV series and
Movie video sequences. From the real traffic we find the covariance function, and /DC
[5] and compare them with that of the generated traffic. Also, as a reference, we
calculate covariance, /DC based on the Maglaris model with 20 minisources [11].

The values of the parameters depends on the quantiles ¢;’s, the scaling factor
and the number of frames over which the matching is going to be done. As the number
of quantiles, the scaling factor and the number of frames over which the matching is
going to be done increases the accuracy will be increased. However, this is not always
possible since increasing the number of quantiles means increasing the number of
classes (for the three class model, three quantiles are needed), which makes the solution
of Equation (18) more difficult.
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Tables (1-8) show, respectively, the estimated parameters a; ,f; ,R; for two and
three class single ON-OFF sources needed to model the video-conferencing, video-
phone, TV series, and Movie data are available in [7]. They also show the estimated
exponential components A’s and the arguments 4;’s. Given the parameters o;’s, f;’s, and
R;’s for ON-OFF sources for the Variable Bit Rate (VBR) video traffic traces, a replica
of the traffic is generated using OPNET. From the real traffic we find out the covariance
function, /DC and compare them with that of the generated traffic. We also plot the

covariance based on Equation (9).

Table 1: Parameters for the two class single ON-OFF sources matched to the video-
conferencing trace over 768 frames with CI=1,

C2=192 and b=4

Parameter A k o B R
Sourcel 0.588 5034.2 0.348 0.24 144.43
Source2 0.046 620.78 0.0348 0.011 58.68

Table 2: Parameters for the three class single ON-OFF sources matched to the video-
conferencing trace over 768 frames with CI1=],

C2=16, C3=256 and b=3

Parameter A k o B R
Sourcel 2.156 401.69 1.79 0.36 53.81
Source2 0.39 4815.4 0.179 0.22 139.38
Source3 0.03 429.1 0.0179 0.016 41.55

Table 3: Parameters for the two class single ON-OFF sources matched to the video-phone
trace over 768 frames with CI=1,

C2=192, and b=4

Parameter A k o B R
Sourcel 0.94 9346.0 0.494 0.445 193.599
Source2 0.08 2485.7 0.0494 0.026 104.953

Table 4: Parameters for the three class single ON-OFF so
phone trace over 768 frames with C1=1,

urces matched to the video-
C2=16, C3=256 and b=3

Parameter A k o B R
Sourcel 2.53 1883.4 1.75 0.779 94.035
Source2 0.42 8883.4 0.175 0.24 190.832
Source3 0.05 1042.6 0.0175 0.029 66.702

Table 5: Parameters for the two class single ON-OFF sources matched to the TV series

video trace over 768 frames with CI=1,

C2=192, and b=4

Parameter A k o B R
Sourcel 3.033 746110.0 0.305 2.99 2980.9
Source2 0.031 700350.0 0.030 0.0008 5199.0
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Table 6: Parameters for the three class single ON-OFF sources matched to the TV series

video trace over 768 frames with CI=1,

C2=16, C3=256 and b=3

Parameter A k o B R
Sourcel 16.47 461150.0 2.63 13.84 1853.4
Source2 0.408 505950.0 0.263 0.1451 1486.0
Source3 0.027 617570.0 0.0264 0.00097 42334

Table 7: Parameters for the two class single ON-OFF sources matched to the Movie video
trace over 768 frames with CI=1,

C2=192, and b=4

Parameter A k o B R
Sourcel 2.8733 817700.0 0.08099 2.7923 5463.4
Source2 0.083 830860.0 0.008099 0.000201 5937.7

Table 8: Parameters for the three class single ON-OFF sources matched to the Movie

video trace over 768 frames with CI=1,

C2=16, C3=256 and b=3

Parameter A k o B R
Sourcel 21.53 469380.0 0.60 20.93 4147.2
Source2 0.46 592920.0 0.060 0.40 2282.9
Source3 0.006 779260.0 0.0060 0.00015 5674.0

As a reference, we compare the statistical measures such as covariance, /DC, of
the real video data and the generated video traffic based on heterogeneous ON-OFF
source model with that of the generated traffic based on Maglaris model. To do that we
need to find the parameters that characterize the Maglaris model. Using Equations (8),
(9),(10) and (11) in the paper of Maglaris [11] we calculated the parameters of the
Maglaris model for the four video traces. These are shown in Table (9) below.

Table 9: Maglaris model parameters for VBR traces, video-conferencing, video-phone, TV
series, and Movie. Each video source is characterized by 20 minisources.

[Parameter o B R
[Video-conferencing 0.05 0.3 39
[Video-phone 0.04 0.3 75.81
TV series 0.07 0.06 520.41
Movie 0.05 0.05 559.59

3.1 Covariance and IDC

In this section we consider the matching of the covariance and the /DC of the
generated traffic to the real data using heterogeneous sources. As a reference, we have
generated traffic based on the Maglaris model of 20 minisources [11]. We compare the
accuracy of our model with that based on the Maglaris model. Also, we consider the
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effect of increasing the number of ON-OFF heterogeneous sources to the accuracy of
the matching. Given the exponential components A;’s and the arguments k;’s of the
heterogeneous ON-OFF source model, we see how well the covariance represented by
Equation (9) matches the covariance of the real data and that based on the Maglaris
model.

The covariances of the real video-conferencing and the generated 3 and 2 class
single ON-OFF sources are shown in Figure (5). We also plot the covariance based on
Magalris model of 20 minisources. In Figure (6), we plot the covariance of real video-
conferencing and that based on the formula given by Equation (9) of our work and that
given by Maglaris of one exponential term, which is given by Equation (5) in [11]. We
do the same for video-phone data which, are shown in Figure (7) and Figure (8),
respectively. As expected, the accuracy increases as the number of classes increases.
Moreover, in comparison with the Maglaris model, the matching based on the 3 class
single ON-OFF source is shown to be better. For both video teleconferencing data, the
match to the traces based on the generated traffic and that using formula (9) is quite
good over a large number of lags.

5000

— = 3 Heterogamous ON—OFF Sources
1= 2 Heterogamous ON—OFF Sources

—— Real Data
:_Maglaris mModel

soo00
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Figure 5: Covariances functions of real video-conferencing data compared with that of
Maglaris and generated 3 and 2 class heterogeneous source model, each class
has 1 ON-OFF source.
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Figure 6: Covariance functions of real video-conferencing data, and using formula (9) for
3 and 2 class heterogeneous source model, each class has 1 ON-OFF source
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Figure 7: Covariances of real video-phone data compared with that of Maglaris, and
generated 3 and 2 class heterogeneous source model, each class has 1 ON-OFF
source.
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Figure 8: Comparison of the covariances of real video-phone data,and using formula (9)
for 3 and 2 class heterogeneous source model,each class has 1 ON-OFF source.

The covariances for the highly correlated traffic real TV series and Movie and that
of the 3 and 2 class single ON-OFF sources are shown in Figure (9) and Figure (11),
respectively. Also in the figures we plot the covariance based on Maglaris model. The
results shows that our model has better matching of the covariances than that based on
Maglaris model. However, the matching for this kind of entertainment traffic is less
accurate than that for the teleconferencing traffic shown in Figure (5) and Figure (7).
This due to the high value of H.

In Figure (10) and Figure (12), we plot the covariance of real sequences TV
series and Movie, respectively, and that based on the formula given by Equation (9) and
that given by Maglaris of one exponential term, which is given by Equation (5) of [11].
The matching for both sequences and that based on formula (9) is reasonable. The
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Covariances

Covariances

matching of the Maglaris covariance given by Equation (5) in [11] and the two real
sequences TV series and Movie is reasonable when the lag is not large. As the lag
increases the deviation of the covariance of the real data from that of the covariances
given by formula (9) and that given by Maglaris of one exponential term given by
Equation (5) in [11] becomes clear.
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Figure 9: Covariances of real TV series data compared with that of Maglaris, and generated 3
class heterogeneous source model, each class has 1 ON-OFF source
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Figure 10: Comparison of the covariances of real TV series data, and using formula (9) for 3
and 2 class heterogeneous source model, each class has 1 ON-OFF source.

Journal of Engineering Research Issue (9) March 2008 80



Covariances

Covariances

2.5 T T T T T T T T T
—— Real Data
- = 3 Heterogamous ON-OFF Sources
r— -+ 2 Heterogamous ON-OFF Sources
o Maglaris Maodel
=2k -
'
\ .
1sl Movie -
v (using simulation)
j BN
| \l\ A1
1 ™ - -
\ L\‘\'AJU\‘\ e
1 My, Tmeg
A, -
| R TV TP PUOR U e
) T e
o5k T Rttt =T -
- . - “‘“v’*vm—___wmuﬂ
- o T e,
i EiEE
ok =~ . .~ _~Laginframes _ = Usmdi e N L T L
L L L 1 1 1 L LT
o 200 400 600 800 1000 1200 1400 1600 1200 200

Figure 11: Covariances of real Movie data compared with that of Maglaris, and generated 3
and 2 class heterogeneous source model, each class has 1 ON-OFF source
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Figure 12: Comparison of the covariances of real Movie data, and using formula (9) for 3
and 2 class heterogeneous source model, each class has 1 ON-OFF source.

The other part of matching the heterogeneous sources to the real data is the IDC.
As shown in Figure (13) and Figure (14), respectively, the IDC of the synthetic video-
conferencing and video-phone traffic matches the /DC of the real data. As for the
covariance, increasing the number of heterogeneous sources from 2 to 3 will increase
the accuracy of the matching. We also show the /DC based on the Maglaris model.
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Figure 13: IDC of real video-conferencing data compared with that of Maglaris and
generated 3 and 2class heterogeneous source model, each class has 1 ON-

OFF source.
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Figure 14: IDC of real video-phone data compared with that of Maglaris, and generated 3
and 2 class heterogeneous source model, each class has 1 ON-OFF source

The IDC for the entertainment video data, TV series and Movie, are shown in
Figure (15) and Figure (16), respectively. The figures show the results for real data,
three heterogeneous ON-OFF source model, two heterogeneous ON-OFF source model
and that of Maglaris model. As the number of heterogeneous ON-OFF sources
increases, the accuracy of the matching becomes more accurate. Moreover, the
matching for the three heterogeneous ON-OFF source model performs better than that
of the Maglaris model. The worst performance is of the 2-class heterogeneous source
model. The worst model is of the 2-class heterogeneous source model.
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Figure 15: IDC of real TV series data compared with that of Maglaris, and generated 3
and 2 class heterogeneous source model, each class has 1 ON-OFF source
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Figure 16: IDC of real Movie data compared with that of Maglaris, and generated 3 and 2
class heterogeneous source model, each class has 1 ON-OFF source

5. CONCLUSION

We have proposed a model for characterizing correlated cell arrival of real bursty
video data. Based on a second order statistical analysis, we have used heterogenecous
ON-OFF source model to characterize the traffic. The model consists of m classes of
ON-OFF sources. Although the ON-OFF periods are exponentially distributed and the
number of sources is small, we have a good matching for the covariance and the /DC. It
is clear from the results we obtained, as the number of classes and the number of ON-
OFF sources per class increases, the accuracy of the model will be increased especially
for highly correlated traffic. However, increasing the number of classes and number of
sources per class will result in analytical and computational complexities.

Using just the 3-heterogeneous ON-OFF source model gives good results for
matching the traffic characteristics indices and at the same time the analysis is simple.
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