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Abstract

This study introduces a new analytic queuing model, the
N-Burst/G/1 model with heavy-tailed service-time distribu-
tion, which captures many of the issues that affect Web
servers as observed by empirical studies. An asymptotic
calculation of the model’s waiting-time distribution is pre-
sented; this relies on calculating the waiting-time distribu-
tion in the M/G/1 model with heavy-tailed service-time dis-
tribution. Finally, using real data and simulation we verify
the model’s assumptions and demonstrate its accuracy.

1. Introduction

Empirical studies show that Web servers suffer from
both self-similar document arrival process and heavy-tailed
service-time distribution [7, 8, 14].

Until recently, models of Web servers consist of pro-
cesses with either a realistic arrivals or a realistic service,
but not both (for example, [12, 16]). Boxma and Cohen [4]
consider a realistic heavy-tailed service-time distribution
with a Poisson arrival process that is not self-similar. Re-
spectively, other models [10, 17] consider an ON/OFF ar-
rival process but assume Exponential service-time distribu-
tion, which is not heavy-tailed.

Recent simulations [15] show that in the typical situa-
tion, with medium or low utilization levels, processes with
realistic arrivals or with a realistic service, but not with both,
fail to estimate the maximum number of clients in the system
and the average response time. Thus, an accurate queueing
model for Web servers should consider both a realistic ar-
rival process and a realistic service-time distribution.

It is difficult to obtain explicit performance parameters
for a queue with general arrival process and general service-
time distribution (G/G/1 queue) with heavy-tailed inter-� This research was supported by the Israel Science Foundation (grant

number 105/01).

arrivals and/or service-time distributions [5]. Such a model
is hard to analyze since it is not a Markovian process and
it does not fit into any known solution of the G/G/1 queue
which usually depends on moments that do not exist in the
case of heavy-tailed distributions.

Two theoretical studies concerning such processes were
proposed [5, 18]. Boxma and Cohen [5] obtain heavy-traffic
results for the waiting time of a single server queue with
heavy-tailed distributions. Xia and Liu [18] analyze the
asymptotic tail distribution of stationary waiting times and
stationary virtual waiting times in a single server queue with
a long-range dependent arrival process and sub-exponential
service times. Both studies conclude that the waiting time
distribution is dominated either by the arrival distribution
or by the service-time distribution, depending on which one
has the heaviest tail. These models provide important break-
through toward a realistic analytical model for Web servers.
Yet, it is not clear how to apply these models when evaluat-
ing Web servers applications and/or policies. Moreover, no
research have been done to study the accuracy of these mod-
els in the content of simulation and real data from a Web
server system.

This paper introduces and evaluates a new stochastic
queuing model for Web servers called the N-Burst/G/1
model with heavy-tailed service-time distribution. We cal-
culate an asymptotic formula of the model’s waiting-time
distribution and evaluate its accuracy using real data and
simulations. The model assumptions regarding the arrival
and service processes distributions can be justified by a re-
cent simulation study [15] as described in Section 3. Using
the methods introduced in [13], it is simple to fit this model
to real data.

The N-Burst/G/1 model combines the N-Burst arrival
process with a class of heavy-tailed service-time distribu-
tion that was introduced in [4]. The N-Burst arrival process
[17] is a superposition of N identical independent ON/OFF
sources with matrix exponential truncated heavy-tailed ON
time distribution and exponential OFF time distribution. A
matrix exponential truncated heavy-tailed distribution [11]
mimics a heavy-tailed distribution: its reliability function



shows heavy-tailed behavior for a limited range, and drops
off exponentially thereafter. Note that this arrival process is
in fact a Markov Modulated Poisson Process (MMPP).

This paper calculates the model’s waiting-time distribu-
tion, based on the waiting-time distribution of the M/G/1
model with identical service process. The tail exponent �
of the class of heavy-tailed distributions studied here is in
the interval

�������	��

. In [4], the calculation of the tail of the

waiting-time distribution of the M/G/1 model is given to-
gether with a calculation of the waiting-time distribution in
the case the tail exponent is equal to

���	

. Here we calcu-

late asymptotic formula of this waiting-time distribution for
a tail exponent that is a rational number ��� ��������
 .

The N-Burst/G/1 model introduced herein is an exten-
sion of the N-Burst/ME/1 model [13] provided by replac-
ing the Matrix-Exponential service-time distribution with
a real heavy-tailed service-time distribution. Our simula-
tions show that replacing this Matrix-Exponential distribu-
tion with real heavy-tailed distribution results in a more ac-
curate model, which predicts the reality in a much more re-
alistic (i.e., pessimistic) manner.

2. Definitions

In this section we describe some central concepts used in
this paper.

Definition 2.1 A random variable X follows a heavy-tailed
distribution (with tail index � ) if� � ������
���� � �!#"%$'& ��(')+*,�.-0/
where

�
and

!
are positive parameters and � �1� .

Heavy-tailed distributions are characterized by ex-
tremely high variability, which increases sharply as � de-
creases. Such a distribution has infinite variance; if �32 � ,
then it also has infinite mean.

Greiner et al. [11] introduce a family of hyper-
exponential distributions called matrix exponential trun-
cated heavy-tailed (in short, ME-THT), see Figure 1.
They showed that these distributions with growing num-
ber of phases asymptotically approach heavy-tailed distri-
butions.

Next we describe such distribution with 4 phases. By
definition, the probabilities576#8 � ! 6 $#9 �:�<; ! " 
�:�<; !>= " �3? 8 �����@���A� 4
of entering phase

?
decay geometrically with the factor

!
,BDC ! C �

. The state holding times grow geometrically
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Figure 1. Phase diagram for the ME-THT distribu-
tion with T phases.

with the factor PQ8 �! 9:RTS
This distribution has the following reliability function

[11]: U �WV " 8 �<; !�<; ! = = $X9Y 6[Z�\ ! 6^]`_ba �c;edP 6 V "
In order to have heavy-tailed behavior with tail-exponentf and mean gV , we need to have [11]:d 8 �<; !�<; ! = �<;h� ! P " =�<; ! P � gV
The heavy-tail range, Rng

� U �WV ":" , is defined as the
mean of the largest exponential phase. This largest phase is
mainly responsible for the drop-off in the reliability func-
tion [11]: Uji7k � U �lV "m" 8 P = $X9d
The variable

!
can be chosen freely in the open interval� B �@� " . The larger the value of

!
is, the more phases are nec-

essary to obtain the same heavy-tail range.

3. N-Burst/G/1 Model with Heavy-Tailed Ser-
vice Time Distribution

This section introduces the N-Burst/G/1 model with
heavy-tailed service time distribution. Section 3.1 de-
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Figure 2. The N-Burst Arrival Process: traffic from
N ON/OFF sources are multiplexed together.

scribes the N-Burst arrival process and Section 3.2 de-
scribes the class of service-time distributions.

3.1. Arrival Process

The N-Burst arrival process [17] is a superposition of
traffic streams from N independent, identical sources of
ON/OFF type (see Figure 2): each source emits requests at
a Poisson-rate qsr during its ON-time, and transmits noth-
ing during its OFF-time. Let t be the mean rate of the in-
dividual source (the average for the ON- and OFF-times to-
gether), then the N sources collectively generate requests at
mean rate q 8vu t .

The distribution of the duration of the ON periods is
a matrix exponential truncated heavy-tailed (ME-THT), as
described in Section 2. The choice of the actual ON time
distribution has a great impact on the performance. The dis-
tribution of the OFF time duration is exponential.

These assumptions regarding the distributions of the
ON periods, the OFF periods and the inter-arrivals periods
(within the ON times) can be justified using a recent result
[15]. Specifically, the behavior of the realistic arrival pro-
cess in a Web server is effected mainly by the relation be-
tween the shape parameters of the distributions of the ON
periods and OFF periods, and not from their absolute val-
ues [15]. Thus, it suffices to chose only one heavy-tailed
distribution (and we chose the ON periods as ME-THT).
In addition, the shape parameter of the inter-arrivals peri-
ods (within the ON times) has no effect on the behavior of
the realistic arrival process [15]. Since this shape parame-
ter is responsible for the heavy-tailed behavior, its lack of
influence means that it suffices to use an exponential distri-
bution for these inter-arrivals periods.

3.2. Service-Time Distribution

Our model uses the following class of service time dis-
tributions w �[� " , � � � B ��/ " , which was introduced in [4]:w �[� " 8 �<; x�y $'&z �W�{; �'"�| }h~\�� $��:� !� !�� � " &�� ! (1)

with
� C � C � , x � B , B�C | 2 � , where x and | are con-

stants and
z �:� " is the Gamma function (Details regarding

the Gamma function can be found in [2].)
The first moment of w ��� " is [4, Equation

�A�����
]:��� } ~\ � � w �[� " 8 �{; �� ;h� | x (2)

The second moment of w ��� " is infinite. Note that w �[� "
has the following asymptotic heavy-tail behavior [4, Equa-
tion

���	�
]: �<; w ��� " 8v� �[� $'& " ����-�/

with
� C � C � .

4. Waiting-Time Distribution

In this section we calculate the waiting time distribu-
tion of the N-Burst/G/1 model with heavy-tailed service-
time distribution.

The indicator random variable � �[� " is
�

if and only if the
number of sources that are simultaneously in their ON inter-
val in the entire time interval

� B ����

does not change, other-

wise, � ��� " 8 B . �X� ��� " denotes the probability Pr( � �[� " 8 � ).
The indicator random variable � �W?m��� " is

�
if and only

if exactly
?

sources are simultaneously in their ON inter-
val in the entire time interval

� B ����

, otherwise, � �W?m��� " 8 B .

We denote
� 6 ��� " = Pr ( � �l?:��� " 8 �

). Note that
��� ��� " 8�D�6�Z�\ � 6 ��� " .

The probability
� 6 �[� " is calculated as follows. Assume

the ON time distribution has the reliability function
U �WV " �9��� , as described in Section 2. The distribution of the time

period with
?

independent bursts simultaneously in the ON
intervals is heavy-tailed with exponent

?�� f ;h�W?J;D� " , with
the reliability function,

U 6 �WV " � 9����� �p�b�����s��� [17]. The prob-
ability

� 6 �[� " is equal to probability that none of these
?

si-
multaneously ON bursts finishes before time

�
,
U 6 ��� " .

According to the Total Probability Theorem the proba-
bility for a client to wait for at least the time interval

� B ����

,

equal to the probability to wait for this time, given � ��� " 8 �
plus the probability to wait for this time, given � �[� " 8 B .
That is,   �[� " 8 �#� ��� " �   ����¡ � �[� " 8 � "� �:�<; � � �[� ":" �   �[��¡ � ��� " 8 B " (3)



The probability that at least one change occurs in the
number of simultaneously ON bursts during the time inter-
val
� B ����


is � � � � ��� " y " . For example, consider the case were
there are

? 9 simultaneously ON bursts during the time inter-
val
� B ��� 9 
 and

? 9 � � simultaneously ON bursts during the
time interval

� � 9 ����
 , that is, another source turns ON starting
from point

� 9 and on. Note that the probability for this sce-
nario is

� 6 � ��� 9 " � � 6 �W¢ 9 �[�A;£� 9 " . Thus,

  �[� " is dominated by�#� ��� " �   ����¡ � �[� " 8 � " . Then,  ��� "¥¤ �X� ��� " �   ����¡ � ��� " 8 � "8 �Y 6�Z�\ � 6 ��� " �   �[��¡ � �W?m��� " 8 � " (4)

Since the arrival process is a Markov-modulated Pois-
son Process (MMPP) which is a special case of the
Markovian arrival process, the Pollaczek-Khintchine for-
mula holds. Thus, the calculation of the conditional wait-
ing time

  �[��¡`���@� " is equal to the waiting time in the M/G/1
model with the corresponding arrival rates.

The calculation of the arrival rate is as follows. Assume
we have

?
sources that are simultaneously in their ON inter-

val in the entire time interval
� B ����


, and the other
� u ;¦? "

sources act as ON/OFF. Recall that each source emits re-
quests at a Poisson-rate q r during its ON-time, and that t is
the mean rate of the individual source (the average for the
ON- and OFF-times together), as described in Section 3.1.
Then the u sources collectively generate requests at mean
rate q 8 ?A� q�r � � u ;�? " � t , where

?A� q�r represents the rate
generated by the

?
sources that are simultaneously in their

ON interval in the entire time interval, and
� u ;e? " � t rep-

resents the other
� u ;e? " ON/OFF sources.

To calculate the waiting time of our model it is left to
calculate the waiting-time distribution of the M/G/1 queue
with heavy-tailed service time distribution.This distribution
was calculated in [4] for � 8 ���	
 . Unfortunately, in the gen-
eral case ��� �����T��
 , the calculation and the explicit expres-
sion for the waiting-time distribution was omitted from [4]
and only the the distribution of its tail is specified. Thus, we
next calculate this waiting-time distribution of the M/G/1
queue.

4.1. Waiting-Time Distribution of an M/G/1
Queue for a Rational Number §�¨D©«ªA¬@­�®

In this section we study the waiting time distribution
  ��� " of the M/G/1 queue with traffic load ¯ C � and with
service-time distribution w ��� " for the case

� C � C � , as
discussed in Section 3.2. The method used here to find this
waiting time distribution is first to calculate its Laplace-
Stieltjes transform (LST) and then calculate the waiting
time distribution, using Doetsch’s theorem [9].

The definition of the Laplace-Stieltjes transform of the
service-time distribution w ��� " is as follows (for details re-
garding this transformation, see for example [1]).�c°@±7²³� } ~\ � $µ´m¶ � w ��� "
with real

± · B
. We denote the LST of

  ��� " by ¸ °�±A² .
Recall that

�
is the average of the service-time distribu-

tion w �[� " (Section 3.2). The Pollaczek-Khintchine formula
states that for positive real

±
[6, Page

��
�¹
],¸ °@±7² 8 �<; ¯�<; ¯ 9T$'º�»T´T¼º�´ (5)

Let
B½C d 8 �¾; � C � . It was shown [4, Section 2,

Equation
�7���@


]:�<; �c°@±A²��± 8 ��<; ´ � � �d � ´ ��:�<; ´ � " y ; �d �
� ´ � " 9T$µ¿�m�<; ´ � " y

with x � B .
Assuming d is rational, d 8ÁÀ � , with Â C u , Â � u �° �����7�@���@� ²

and g.c.d.
� Â � u " 8 � , we have:�<; �c°@±A²��± 8 ��<; ´ � � uÂ � ´ ��m�<; ´ � " y ; uÂ � � ´ � "�Ã ��ÄÃ�m�<; ´ � " y (6)

with x � B . Define Å 8 � ´ � " �Ã . Thus, Å � 8 � ´ � " . Equation 6
implies�<; �c°�±A²��± 8 ��<; Å � � uÂ � Å ��m�<; Å � " y ; uÂ � Å � $ À�:�<; Å � " y8 �<; Å � � �À Å � ; �À Å � ¢ À�:�<; Å � " y (7)

Replacing 9T$Jº�»�´T¼º�´ in Equation 5 with the result of Equa-
tion 7 yields¸ °�±A² 8 �<; ¯�<; ¯ °XÆ 9T$'Ç ÃXÈ ¢ ÃÄ Ç Ã $ ÃÄ Ç Ã'É ÄÆ 9T$'Ç Ã È�Ê ²8 �m�<; ¯s" ���:�<; Å � " y�:�<; Å � " y ; ¯ ���<; Å � � �À Å � ; �À Å � ¢ À 


(8)

Define:Ë � Å�" � �:�<; Å � " y ; ¯ �����Ì; Å � � uÂ Å � ; uÂ Å � ¢ À 

Substituting

Ë � Å�" in Equation 8 yields¸ °�±A² 8 �m�<; ¯s" �:�<; Å � " yË � Å�" (9)



Both

Ë � Å�" and
�m�<; Å � " y are polynomial of degree

� u ,
and Å 8 �

is a zero of both of them. Thus, the functionÆ 9T$'Ç Ã È ÊÍ Æ Ç È has at most
� u ;Î� poles (singularity points). De-

note the other zeros of

Ë � Å�" by Å+Ï ,
i 8 ���T�A���@���A�T� u ;D� ,

and assume first that the multiplicity of Å+Ï is one for alli 8 �����@���A�T� u ;Î� . We can write for Equation 9

¸ °�±A² 8 �:�<; ¯b" y � $X9YÏ Z 9 Ð ÏÅ ; Å�Ï
Each term in this sum can be written as an absolutely con-
vergent power series in Å . So we may put¸ °@±A² 8 �m�<; ¯b" ~YÑ Z�\'Ò Ñ Å Ñ (10)

To determine the Ò Ñ , we will apply the Cauchy’s integral
theorem with the counterclockwise simple closed contour�<Ó �Ô° Å Õ ¡ Å ¡ ChÖ ² � B^C×Ö^ChØ
With ¡ Å ¡ CÎØ �ÚÙÜÛ�Ý �T¡ Å 9 ¡��+¡ Å y ¡����@���A�+¡ Å y � $#9 ¡ "

Recall that the Cauchy’s integral theorem states that if(#�lÞ " is analytic in some simply connected region R, then}Jß (X�WÞ " � Þ 8 B
for any closed contour

�
completely contained in R. That

is, the contour integral along any path not enclosing a pole
is 0. Also recall that the Cauchy’s integral formula states
that (X�WÞ \ " 8 ���à�? } ß (X�WÞ " � ÞÞ{;½Þ \
where the integral is a contour integral along the contour

�
enclosing the point

Þ \ .
The residue of a function

(
around a point

Þ \ is defined
by U � x`á G ( 8 ���à�? }Aß (X�WÞ " � Þ
where

�
is counterclockwise simple closed contour, small

enough to avoid any other poles of f. Note that
��Ó

is by its
definition indeed small enough to avoid any other poles, and
hence

Ò Ñ 8 ���à�? } ß'â ÅL$ Æ Ñ ¢ 9 È �:�<; Å � " yË � Å�" � Å (11)

The integral in Equation 11 is regular in Å , except at Å 8B
, and at the poles Å 8 Å Ï ,

i 8 �����@���'�T� u ;D� . Thus,

Ò Ñ 8 ; y � $ yYÏ Z 9 Å Ï $ Æ Ñ ¢ 9 È ���:�<; Å Ï � " y 
'�3ã Û�ÙÇ@äÚÇ@å Å ; Å�Ï
Ë � Å�"

(12)

If the multiplicityof Å�Ï is not one for all
i 8 �����@���A�T� u ;£� ,

that is, some poles with multiplicity larger than one, then the
calculation of the residues at such poles requires the appro-
priate adaptation.
Denote

Ë Æ 9 È � Å�" 8çææ Ç Ë � Å�" , so thatØ Ï � ã Û�ÙÇ@ä¦Ç@å Å ; Å�ÏË � Å�" 8 � Ë Æ 9 È � Å�Ï'" 
 $X9
Also, define è Ï � �:�é; Å�Ï � " y Ø ÏÅ Ï
for
i 8 ���@���@�7��� u ;h� .

Substituting

è Ï in Equation 12 yields

Ò Ñ 8 ; y � $ yYÏ Z 9 Å�Ï�$ Ñ �
è Ï (13)

Using Equation 13 in Equation 10 implies

¸ °@±A² 8 � ¯ ;D� " ~YÑ Z�\ y � $ yYÏ Z 9 Å Ï�$ Ñ �
è Ï � Å Ñ8 � ¯ ;D� " y � $ yYÏ Z 9

è Ï ~YÑ Z�\ � ÅÅ Ï " Ñ
Recall that Å 8 ´ � �Ã , so, we have

¸ °@±7² 8 � ¯ ;h� " y � $ yYÏ Z 9
è Ï ~YÑ Z�\ Å�Ï�$ Ñ � ± x "�êÃ

Applying Doetsch’s theorem [9], for x � B , and every finiteë � ° B �@�����7�@����� ²  ��� " 8 � ¯ ;D� " y � $ yYÏ Z 9
è Ï �cì íYÑ Z�\ �z ��; Ñ� " Å�Ï�$ Ñ � x � " �s� ê É�Ã �Ã� � �:� x � " �s� Ã'É�î�É ���Ã "ðï

with
z ��;òñ " 8 B , for

ñ 8 B �����T�A���@�`� , and
z ��;òñ " z �m� �ñ " 8 ;^�`ó�ô õ�ö�÷÷ " $X9 , ñ not an integer.



5. Simulations

We study the performance of the N-Burst/G/1 model us-
ing the Client in the System process. This process describes
the number of clients in the system along the time axis, that
is, the number of clients in the queue plus one (the client
that is currently serviced). Other performance measurement
parameters that we use are the maximum number of clients
that are simultaneously in the system and the average re-
sponse time experienced by the clients. These two param-
eters determine resources required by the system, such as
buffer-size and computing power, and the system Quality of
Service.

Section 5.1 describes a simulation series compar-
ing the N-Burst/G/1 with its corresponding Markovian
model, the N-Burst/ME/1 model [13]. To emphasize the
differences between these models, we feed the same ar-
rivals to both servers, the G-server with Pareto heavy-tailed
service-times distribution and the ME-server with ma-
trix exponential truncated heavy-tailed service-times dis-
tribution. Both servers share the same mean service-time.
These simulations provide better understanding of the in-
fluence of the service-times distribution on the model’s
performance.

Section 5.2 describes a simulation analyzing the perfor-
mance of these models comparing with the so-called Realis-
tic process that considers both realistic arrivals and heavy-
tailed service-times distribution. The comparison between
the error factor of each model in estimating the maximum
number of clients in the system and the average response
time, demonstrates the improvement achieved by replacing
the ME-server with the G-server.

5.1. Comparison Between the N-Burst/G/1 and the
N-Burst/ME/1 models

Recall that to create heavy-tailed service behavior, the
shape parameter of the service-times distribution should be
smaller than

�7� B
(see Section 2). Here we present simulation

results with the following shape parameter values:
���	ø

(Fig-
ure 3),

�����
(Figure 4),

B � ù
(Figure 5) and

B �	¹
(Figure 6), cov-

ering all different system behaviors observed by us. Specif-
ically, we found out that there is no difference in the sys-
tem behavior when the shape parameter is above

���	ø
. Also,

the system is already overloaded when the shape parame-
ter is smaller than

B �	¹
.

Table 1 summarizes the comparison of the maximum
number of clients in the system and the average response
time in these models.

Following the characterization of [3, 8], with the parame-
ter fitting method described in [13], the N-Burst arrival pro-
cess has the following parameters. The number of clients
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Figure 3. The client in the system processes of
the N-Burst/G/1 (blue) and the N-Burst/ME/1 (red)
models. The service-time shape parameter is 1.3
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Figure 4. The client in the system processes of
the N-Burst/G/1 (blue) and the N-Burst/ME/1 (red)
models. The service-time shape parameter is 1.1

is
�
; the ON-times shape parameter is

���	ø
; the ON-times

!
is
B �	


; the ON-times Number of phases is


; the ON-times

average is
��� B

the OFF-times average is
� B�B � B

; the inter-
arrivals average is

B �	

.

The immediate conclusion is that the N-Burst/G/1
model consistently represents a more bursty process
than the N-Burst/ME/1 model. When the shape parame-
ter of the service-times distribution is

���	ø
or larger, both

processes are rather smooth, with very small peaks (see Fig-
ure 3). This is a result of selecting the above mentioned ar-
rival process parameters and in particular, choosing the
On-times shape parameter as

��� ø
too. (See [15] for a de-

tailed discussion of the relation between the parameters of
the arrival and the service processes.)
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Figure 5. The client in the system processes of
the N-Burst/G/1 (blue) and the N-Burst/ME/1 (red)
models. The service-time shape parameter is 0.8
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Figure 6. The client in the system processes of
the N-Burst/G/1 (blue) and the N-Burst/ME/1 (red)
models. The service-time shape parameter is 0.6

Decreasing the shape parameter of the service-times dis-
tribution below

���	ø
and yet keeping the system not totaly

over-loaded (with service-times shape parameter larger thanB �	¹
) highlights the difference between the models. As can

be seen from Figures 4 and 5, the bursty nature of the N-
Burst/G/1 model is emphasized by its graph line shape,
which is much less smooth than the N-Burst/ME/1 graph’s.
In addition, as described in Table 1, the N-Burst/G/1 model
predicts that the values of the maximum number of clients
in the system and the average response time are larger in
one order of magnitude than the corresponding values pre-
dicted by the N-Burst/ME/1 model.

Finally, when the system is over-loaded, although the N-
Burst/ME/1 model predicts a more pessimistic scenario, it

Service Model Maximum Average
shape clients response
parameter
1.3 N-Burst/G/1 70 0.729

N-Burst/ME/1 16 0.545
1.1 N-Burst/G/1 255 10.306

N-Burst/ME/1 27 1.867
0.8 N-Burst/G/1 4642 4053.430

N-Burst/ME/1 278 580.036
0.6 N-Burst/G/1 63807 14273183.730

N-Burst/ME/1 93659 61196254.758

Table 1. Comparison of the N-Burst/G/1 and
the N-Burst/ME/1 models.

still represents a less bursty process. In both models, the
clients accumulate rather fast. The difference between the
models lays in the clients departures processes. As can
be seen from Figure 6, the clients departures in the N-
Burst/ME/1 graph’s have a constant rate while the clients
departures in the N-Burst/G/1 graph’s have a variable rate (a
’stairs’ graph). This phenomenon is a result of the extremely
high variability of the service-times distribution in the N-
Burst/G/1 model. On one hand, most of the samples in this
distribution are very small, causing the steep decreases, on
the other hand, once in a while a very large sample arrives
and causes a long horizontal line.

5.2. Comparing the Realistic Process with the N-
Burst/G/1 and N-Burst/ME/1 Models

In this section we describe a simulation compar-
ing between three processes: the Realistic process, the
N-Burst/G/1 and the N-Burst/ME/1. We create the Real-
istic process by feeding a Realistic arrival process into
a G-server. The N-Burst/G/1 and the N-Burst/ME/1 pro-
cesses are created by feeding the corresponding N-Burst
arrival process into a G-server and a ME-server respec-
tively.

We determine the parameters of the Realistic arrival and
service processes using the characteristic of [3, 8] and the
parameter fitting method described in [13] to construct the
corresponding N-Burst arrival process and the ME-server.
Specifically, the Realistic arrival and service processes have
the following parameters. For the arrival process: the On-
Times location parameter is

��� B
and the shape parameter

is
���	ø

; the Off-Times location parameter is

 B � B

and the
shape parameter is

���	ø
; the inter-arrival times (within the

On-times) location parameter is
B ���

and the shape parame-
ter is

��� ø
. For the service-times distribution: the location pa-

rameter is
B � B 


and the shape parameter is
B � ù

.
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Figure 7. The client in the system processes of
the R/R/1 (green), the N-Burst/G/1 (blue) and the
N-Burst/ME/1 (red) models.

Model Max Error Average Error
clients factor response factor

Realistic 8528 — 21875.618 —
N-Burst/G/1 2501 3.410 7532.427 2.904
N-Burst/ME/1 57 149.614 217.176 100.728

Table 2. Comparison of the Realistic process
with the N-Burst/G/1 and the N-Burst/ME/1
models.

The simulation results appear in Figure 7. The compar-
ison of the models maximum number of clients in the sys-
tem and the average response time together with the calcu-
lation of their error factors appear in Table 2. The error fac-
tor is given by dividing the value of the real data result with
the value of the model estimated result.

The simulations clearly indicate that the N-Burst/G/1
model is much more accurate than the N-Burst/ME/1
model. It has better estimations in several order of mag-
nitude than the corresponding estimations predicted by
the N-Burst/ME/1 model. Also, as can be seen from Fig-
ure 7, the N-Burst/G/1 model represents a more bursty
process than the N-Burst/ME/1 model.
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