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Abstract—We consider modeling the statistical behavior of in-
teractive and streaming traffics in High-Speed Downlink Packet
Access (HSDPA) networks. Two important applications in these
traffic categories are web-browsing (interactive service) and video
streaming (streaming service). Web-browsing is characterized by
its important sensitivity to delay. Video streaming on the other
hand is less sensitive to delay, however, due to its large frame sizes,
video traffic is more affected by the packet loss resulting from a lim-
ited buffer size at the base station. Taking these characteristics into
account, we consider modeling the queuing delay probability den-
sity function (PDF) of the web-browsing traffic, and modeling the
queuing buffer size distribution of video streaming traffic. Specif-
ically, we show that the queuing delay of the web-browsing traffic
follows an exponential distribution and that the queuing buffer size
of video streaming traffic follows a weighted Weibull distribution.
Model fitting based on simulated data is used to provide simple
mathematical formulations for the different parameters that char-
acterize the PDFs under consideration. The provided equations
could be used, directly, in HSDPA network dimensioning and, as
a reference, to satisfy a certain quality of service (QoS).

Index Terms—HSDPA, network dimensioning, queuing buffer
size modeling, queuing delay modeling, scheduling, video
streaming, web-browsing.

I. INTRODUCTION

N 3G+ networks [1], packet-based data services have dif-

ferent requirements in terms of quality of service (QoS) and
tolerance to delay. In order to satisfy the diverse requirements
of future services, new transmission techniques are introduced
in the new and promoting 3G+ technologies. One of the most
supported technologies is high-speed downlink packet access
(HSDPA), the new enhancement of the WCDMA downlink.
HSDPA introduces new adaptive link techniques, namely,
adaptive modulation and coding (AMC) and hybrid automatic
retransmission query (HARQ), as means to increase a user
equipment (UE) air throughput up to 10 Mbps. The air interface
throughput in HSDPA networks is shared between different
UEs. In order to increase the capacity of these networks, their
capability to carry packet-switched traffic is used along with
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multiplexing the traffic of different UEs. The use of AMC and
fast HARQ is intended to improve the HSDPA air throughput
and reduce, at the same time, the delay introduced by the
queuing and retransmission processes. However, overloading
the network causes overflow of the queuing buffer at the base
station and/or high queuing delay which, in turn, can cause
degradation in the overall performance of the network. Hence,
modeling the traffic of packet-based data services as well as
their statistical behavior at the base station is of major impor-
tance. In fact, such models are needed in order to dimension
practical networks and design efficient resource management
strategies and communication protocols for these networks.

There exist four types of services: conversational, interac-
tive, streaming and background. In this work, we focus on
streaming and interactive services since they are those which
differ the most from circuit-switched services, such as con-
versational services, while having specific QoS requirements
unlike background services. In this context, this paper con-
siders the two main HSDPA applications of interactive and
streaming traffics, and is accordingly organized into two parts.
The first is dedicated to modeling the queuing delay probability
density function (PDF) of interactive services, and precisely the
web-browsing traffic, and the second is devoted to modeling
the distribution of the queuing buffer size of streaming services,
namely, MPEG-4 encoded video streaming traffic.

For this purpose, the web-browsing traffic model provided in
[2] is used to derive the parameters that specify the queuing
delay PDF corresponding to the service under consideration.
The web-browsing traffic can be modeled over three layers: ses-
sion, packet call, and packet data, with each layer defined by its
own PDF and parameters. In [3], it is shown that the packet-data
delay of web-browsing traffic follows a weighted exponential
distribution. Herein, we consider the delay at the packet call
level, which represents the delay for browsing a web page, and
address the queuing delay modeling taking into consideration
key parameters, such as the reading time, i.e., the time needed
for a user to read a web page, and packet retransmissions de-
fined in terms of the packet loss probability.

The video traffic can be partitioned over scene layer, group
of pictures (GOP) layer and frame layer, and modeled taking
into consideration the intra and inter-GOP correlations. In gen-
eral, queues corresponding to this kind of traffic are character-
ized by weak stability due to the wireless channel variability [4].
Indeed, the base station can not guarantee an instantaneous air
data rate for the transmission of video frames at each transmis-
sion time interval (TTI), but rather an average transmission rate.
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On the other hand, it was shown in [4] that the intra-GOP corre-
lation (fast time-scale) has little impact on the queuing mod-
eling for a weak stability scenario. Thus, we neglect the ef-
fect of the intra-GOP correlation, and focus for our modeling
on the inter-GOP correlation. In particular, we show that the
latter follows an M /G /oo model [5] with autocorrelation func-
tion (ACF) of the form p(k) ~ e=?V* and explain the contra-
dictions noted in previous works [5]-[7] though the modeling
therein considers the same movie trace.

Because of the complexity of the packet traffic involved, mod-
eling the web-browsing queuing delay and the video-streaming
queuing buffer size is analytically untractable. In [8], simu-
lation-based model fitting is used to model the packet-data
queuing delay PDF of video and voice traffic services. In
this work, with the use of traffic models proposed herein and
based on the approach followed therein, we propose a general
queuing delay model for web-browsing traffic and a queuing
buffer size model for video streaming traffic, in the context of
transmission in HSDPA. For the web-browsing traffic, taking
into consideration the use of discrete data rate values and
ARQ retransmissions, we provide the different parameters that
characterize the queuing delay PDF, as a function of the air
throughput 7', network loading defined by the number of UEs
N, erroneous packet retransmission probability P., and the
reading time parameter t,. As for the video streaming traffic,
we provide a general queuing buffer size distribution model,
and define the relationship between its parameters as a function
of the inter-GOP ACF coefficient 3, and the aforementioned
parameters N and T'.

The remainder of this paper is organized as follows: Sec-
tion II presents a brief description of the HSDPA transmission
environment used in our simulations. Section III is devoted to
the web-browsing traffic and presents its associated queuing
delay modeling analysis and results. The video streaming traffic
model and its queuing buffer size modeling are provided in Sec-
tion IV, followed by concluding remarks drawn in Section V.

II. HSDPA TRANSMISSION ENVIRONMENT

A. System Model

In HSDPA, AMC is applied through the use of a mapping
between the UE channel quality, defined by the signal-to-inter-
ference-and-noise ratio (SINR), and the modulation-level and
coding-rate values that could be used in such channel condi-
tion [9]. Thirty couple values are defined, allowing thirty dis-
crete rate values to be used, based on the channel quality in-
dicator (CQI) that each HSDPA UE transmits on the uplink
using the High-Speed Dedicated Physical Control Channel (HS-
DPCCH). The CQI belongs to a set of thirty values used to map
the UE’s channel state, given by a SINR value which ranges
over 30 dB in the interval [—5 dB, 25 dB], into a CQI value ac-
cording to the following rule:

CQI ~ min (max (0, | SIN Rysdasen + 6]),30), (1)

where STN Rysdsch is expressed in dB and |-] denotes the in-
teger floor operator.
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TABLE I
MAPPING OF CHANNEL QUALITY INDICATOR (CQI) INTO
TRANSPORT BLOCK (TB) SIZE

CQI 0 1 2 3 4 5 6 7
TB size (bits)| 0 137 173 233 317 377 461 650
CQI 8 9 10 11 12 13 14 15
TB size (bits)| 792 931 1262 1483 1742 2279 2583 3319
CQI 16 17 18 19 20 21 22 23
TB size (bits)| 3565 4189 4664 5287 5887 6554 7168 9719
CQI 2425 26 27 28 29 30

TB size (bits){11418 14411 17237 21754 23370 24222 25558

Based on the CQI value, the Node-B assigns to UE ¢ a max-
imum transmission rate r;, or equivalently a transport block size
T B; (Table I), that could be used for transmission to the UE in
the next TTI. The latter is of duration I'rr; = 2 ms [9].

As previously mentioned, HARQ is implemented in HSDPA
in order to improve the performance of the network and reduce
retransmission delays, using advanced combining techniques at
the UE side to take advantage of each packet retransmission.
When a packet is received in error, a Negative Acknowledgment
(NACK) is transmitted to the base station. The scheduler decides
then if the corresponding user will receive a retransmission for
this packet in the next TTL In this paper, the HARQ protocol
is taken into consideration by means of an error transmission
probability P., defining the probability that a UE receives an
erroneous packet.

B. Transmission Mode

The choice of a scheduling algorithm for our queuing mod-
eling is of a major importance. The main task of the scheduler is
to select a UE for which data will be transmitted in a TTIL. Given
a specified objective in terms of throughput and/or fairness max-
imization, in order to make a decision, some scheduling algo-
rithms such as the max-CIR [10] use the SINR of each UE, while
some others use the instantaneous rate values (r;) and their av-
erage values, for instance the Proportional Fairness method [11].
In this work, our focus being on dimensioning the network, the
scheduling algorithm needs to be capable of providing a fair
channel access to the UEs. A fair scheduler is defined as one that
can provide, on the average, the same throughput for all users
independently of their channels’ quality, and that on a longer
time-scale compared to the scheduling time scale. Such fairness
can be achieved through Round Robin (RR) scheduling when
the users exhibit the same channel quality on the average. The
RR algorithm allocates the channel to UEs in a circular way,
based on the CQI that is fed back from each UE as a measure of
its corresponding SINR (1).

In a multi-cell network, a user’s SINR accounts for the
inter-cell interference and the user’s channel gain including
fast fading, shadowing and path loss effects. The channel
quality can be different from a user to another, depending on
the user’s position within the cell and the fading characteristics
of the link between the base station and the UE. The effects
of large-scale variations and inter-cell interference can be
assumed to be canceled out in average by using a fair scheduler
and, accordingly, the analysis can be based on exploiting the
multi-user diversity gain as a result of the small-scale variations
of the channels. Hence, in our simulations, we consider that
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Fig. 1. Web-browsing layered traffic model.

all UEs exhibit the same channel variations. In particular, we
consider that the instantaneous SINR of each user follows an
exponential distribution (as a result of fast fading considered
herein to follow Rayleigh distribution) with the average SINR
value computed in order to achieve an average total throughput
for all users equal to R = 2 Mbps. The latter corresponds to an
average CQI value of 17 [9], but the results can be generalized
for other values of R as will be seen later. Under the assumption
of equal average channel quality for all UEs, the RR sched-
uler provides equal average data rates for all users [12], thus
allowing to model the statistical behavior of the services under
consideration in a fair transmission environment.

A queuing model for dimensioning HSDPA networks is a
useful and practical tool, especially because of the existence of
a standardized mapping table that limits the values of allow-
able discrete data rates [9]. By taking into consideration such
limitation, the queuing models proposed herein will be general
enough to be applied in realistic transmission scenarios to sat-
isfy requirements in terms of QoS. On the other hand, in the
case that users have different average channel qualities, our re-
sults can be used with any strict fair scheduling algorithm, such
as the Adaptive Proportional Fairness (APF) [13] shown to pro-
vide any required level of fairness even under heterogeneous
propagating conditions.

III. WEB-BROWSING TRAFFIC

A. Web-Browsing Traffic Model

A general traffic model, based on the definition provided in
[2] for the web-browsing service, is used. The model is divided
into three levels (Fig. 1):

* Session level: user sessions (web-browsing) are modeled at

this level. Session arrivals follow a Poisson distribution.

* Burst level: each packet session is formed by one or many
packet call(s), with each packet call representing a web
page. The inter-arrival time between packet calls, named
reading time, follows a Geometric distribution.

* Packet level: each packet call is composed of a number of
data packets. The distributions of the packet size and of
the inter-arrival time between packets are specified at this
level.

In Table II, we provide a summary of the parameters consid-

ered for the web-browsing traffic. For each traffic parameter, the
value provided corresponds to the mean of the random variable

TABLE II

PARAMETERS OF THE WEB-BROWSING TRAFFIC
Parameter Distribution Value
Session arrival process Poisson 5
Reading time (¢,) Geometric {2"s}5_1
Number of packets per call ~ Geometric 25
Packet inter-arrival time Geometric 0.0277s---0.00195s
Arrival data rate - 144kbps - - - 2048kbps
Packet size Pareto (1.2,81.5) 480 bytes

according to which the parameter is distributed. In order to pro-
vide a general packet-call delay model, we consider different
arrival rates, namely, 144 kbps, 384 kbps and 2048 kbps, gener-
ated by choosing the value of the packet data inter-arrival time
within a packet call equal to 0.0277 s, 0.0104 s, and 0.00195 s,
respectively. Moreover, different values are considered for the
reading time ¢, (25,4 s, 8 s, 16 s and 32 s). Higher values were
also studied (64 s, 128 s and 256 s), nevertheless, only results
corresponding to the values shown in Table II are presented,
given that they provide the required accuracy for the proposed
queuing delay model.

B. Queuing Delay Modeling

As previously mentioned, following the model-fitting ap-
proach used in [3], [8], we provide results corresponding to
the web-browsing service in HSDPA. Specifically, considering
the simulation setting described in Section II, we provide the
different parameters that characterize the queuing delay PDF as
a function of the air throughput 7', the number of UEs /V, and
the reading time ¢,.. In order to provide precision to our delay
modeling, a large number of simulation runs, ranging between
thirty and a hundred, was performed. On the other hand, unlike
the packet-data queuing delay measurements performed in [8],
measurement of the delay is performed herein for each packet
call (web page) in each session.

Our simulations for the web-browsing traffic demonstrate that
the packet-call queuing delay follows an exponential distribu-
tion (2) with p denoting the mean packet-call queuing delay.
This delay is defined by the time difference between the arrival
of the first data packet in a packet call and the time its last data
packet is correctly received. Fig. 2 shows the cumulative distri-
bution function (CDF) of the packet-call delay using simulations
along with its corresponding exponential CDF (3) for different
values of N, given a reading time ¢,, = 16 s, an arrival data rate
of 144 kbps, and P, = 0.5.

fo(r) = L exp (—3> : @)
Fo(7) =1—exp <—/€> . 3)

The mean packet-call queuing delay 1 depends on the number
of UEs N, the probability of correct packet transmission P, =
(1—P.), and the reading time ¢,.. Fig. 3(a) shows the variation of
1 as a function of N for different data arrival rates and reading
time values, when P. = 0.5. In order to alleviate the figure, plots
corresponding to £,, = 4 s, and 16 s are shown for a data arrival
rate equal to 144 kbps, while for ¢, = 2 s, 8 s, and 32 s the
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Fig. 2. Packet call delay CDFs based on simulation and their corresponding
fitting curves, for different numbers of UEs, V.

curves illustrate the results for different arrival rates (144 kbps,
384 kbps and 2048 kbps). From these results, one important
observation is that the mean delay p is independent of the ar-
rival rate. Indeed, for each reading time value, ¢, = 2 s, 8 s,
and 32 s, we get a superposition of the three mean delay curves
corresponding to the considered arrival rates. This result can be
explained by the inherent specificity of an interactive service.
In fact, even if we change the arrival data rate, the volume of
traffic corresponding to each packet remains the same; only the
inter-arrival of data packets gets changed. Hence, for the consid-
ered high values of arrivals, we can suppose that the packet call
arrives at the base station’s buffer almost instantaneously and,
as a consequence, the queuing delay will depend only on the
volume of the packet call, which is the same in all cases. From
Fig. 3(a), we also observe that when the number of UEs V ex-
ceeds a certain value, the mean delay ;. becomes a linear func-
tion of N. This is one of the major differences between the mean
packet-data delay [8] and the mean packet-call delay. Specif-
ically, the former increases exponentially when the number of
UEs gets higher whereas the latter increases linearly with [V
due to the interactive behavior of the web-browsing traffic. Ac-
cording to Table II, each packet call is formed by 25 data packets
in average, with an average data packet size of 480 bytes. Hence,
the average packet call size is equal to 25 x 480 x 8 = 96 Kbits.
Using Round Robin scheduling, each of the IV users gets access
to the channel (N — 1) TTIs after the last transmission he re-
ceived from the base station. When the number of users is large,
this waiting time becomes large enough for the packet call of a
user to be received in whole in the user’s corresponding buffer
at the base station before the user is served. Thus, the average
time that one packet call takes before being received at the UE,
which is indeed the average queuing delay p, can be approxi-
mated as

average packet call size
~ N
a P.+ R *

(N =T —tr, 4
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Fig. 3. Variation of the mean packet call delay y as a function of the number
of UEs: (a) for different reading time values ¢, and data arrival rates; (b) for
different values of the probability P,., along with the slope of each linear
approximation.

which illustrates a linear relationship between the average
delay and the number of active users IV as confirmed through
simulations.

Considering an average packet-call delay value smaller than
1 s to be a negligible delay for the web-browsing service, we
neglect values smaller than this threshold. Hence, as can be seen
in Fig. 3(a), from a certain value N, the average i becomes a
linear function of IV and, as such, can be expressed as

_ 1 _ :
{[L—GN b if N > N, 5)

=0 if N < No,

with a[1/s] and b[s] parameters used to define the linear model.
The value Ny defines the maximum number of allowed UEs
when an average delay value smaller than 1 s is considered as
one that meets the required QoS. This limiting value can easily
be calculated using:

NQZCLXb. (6)
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We now present a formulation of the parameters a and b as a
function of the air throughput 7', the reading time %,., and the
probability P,.. Before proceeding, two observations must be
made. Firstly, in Fig. 3(a), we observe that for all reading time
values, the slope of the p curve is the same, which means that
the parameter a is independent of the reading time. Moreover,
Fig. 3(b) shows that for different values of P., the slope of the
w curve is different, which means that the parameter ¢ depends
on the probability P,. In addition, intersection of all ;1 curves in
the ordinate axis means that b is independent of P.. These im-
portant observations simplify the modeling of the mean delay
1. Indeed, Fig. 4 shows that there is a linear relationship be-
tween the parameter a and the probability P. on one hand, and
between the parameter b and the reading time ¢, on the other
hand, expressed as:

a =22.357 P,, @)
b=0.88¢, + 1.87. (8)

Therefore, (5) and (6) can respectively be written as:

if N > No,
if N < Np. ©)
(10)

1
{M = mar e v — (0881, + 1.87)
’LL =

Ny = 22.357 P,(0.88 t, + 1.87).

The air throughput is given by 7' = P, x R. The equations
given above are formulated when R = 2 Mbps, therefore, for a
general formulation we can write the mean delay p as function
of the air throughput T" according to

if N > No,

w= mN — (0.88 ¢, + 1.87) (11
nw=0 if N < No,
where 7' is expressed in Mbps and Ny is given by
No =11.175T(0.88 t,. + 1.87). (12)

Equation (11) is the general analytic formulation of the mean
delay p. Indeed, for a certain number N of UEs, an air
throughput 7' = (1 — P.) x R and a reading time ¢,., we can
directly evaluate the PDF of the packet-call queuing delay 7
using (2). By means of the latter, different statistics can be
generated, for instance, the 95-percentile value:

v=—uln0.05=3 u. (13)

Video streaming
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Fig. 5. Video-streaming layered traffic model.

Thus, in order to satisfy a certain QoS for the UEs, defined
in terms of average delay (ug) or 95-percentile value (vg), the
maximum number of active UEs N,,.. that the base station
can serve while meeting the required QoS, can simply be de-
termined by means of (11), (12) and (13). Based on the value of
Nmax, the call admission control (CAC) module can determine
its admit/reject decisions so as to keep the users’ QoS at the re-
quired level.

IV. VIDEO STREAMING TRAFFIC

A. Video-Streaming Traffic Model

The video-streaming traffic model, used in this paper and rep-
resented in Fig. 5, is divided into three layers:

* Movie layer: user sessions (video streaming) are modeled
at this level. Arrivals are assumed to follow a Poisson
distribution.

* Scene layer: each movie is formed by a number of scenes.
A scene is the period of time over which the GOP statistics
are approximatively constant. The duration of each scene
follows a distribution in direct relation with the autocorre-
lation function (ACF) of the GOP level.

* GOP layer: each scene is composed of Group Of Pictures
(GOPs). The distribution of the GOPs are specified at this
level. Each GOP is composed of three types of frames:
Intra-coded (I), Predictive (P) and Bidirectional (B). The
I frames are those for which intra-frame coding is used
(without motion estimation), the P frames are those for
which inter-frame coding (with motion estimation) with
forward prediction only is used, and the B frames specify
the frames that can be predicted using forward and back-
ward prediction [14]. In general, I frames are larger in size
than the P frames which, in turn, are larger than the B
frames. The GOP length is fixed to 12 frames. With this
and since we consider a frame rate of 25 {/s, the inter-GOP
time follows to 480 ms.

In the following, we present a detailed description of the sta-
tistical behavior of the video streaming traffic at the scene and
GOP levels.

In order to generate the video streaming traffic, we use the
spatial renewal process (SRP) model [4], [15]. In the latter, a
first background process, which is responsible for the time-de-
pendence structure, characterizes the scenes’ durations modeled
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TABLE III
ESTIMATED PARAMETERS OF THE SCENE LAYER, OBTAINED BY SELF SIMILAR
(SS) AND M /G /oo PROCESSES, AND THE GOP LAYER PARAMETERS
USING LEAST SQUARE ERROR (LSE) FITTING

Scene level GOP level
Trace Self Similar M/G /o M 1%
B LSE €] LSE

Alladin 0.5615 6.2743 0.2447 3.4998 || 10.0390 0.5897
ARDTalk 0.7001 5.0513 0.3196 3.1962 || 10.3231 0.2417
DieHardIIl 0.6398 1.8365 0.3056 0.7850 || 10.5137 0.5023
Dusk 0.7197 4.3613 0.3485 3.1767 || 10.5283 0.4109
BoulevardBio 0.5935 12.4894 0.2293 8.22 || 10.5037 0.3365
FirstContact 0.8317 22806 0.4431 1.6992 || 9.7626 0.5143
Formula 0.9375 1.6027 0.5378 1.2976 || 10.7843 0.2843
Futurama

(GOP: 500-2500) 0.6641 1.4484 0.3428 1.153 || 10.9855 0.2285
Futurama

(GOP: 1000-2500) 0.8142 0.9371 0.5173 0.9570 || 10.9855 0.2285
Jurassic 0.6260 14.3892 0.256 9.5006 || 10.6389 0.4768
N3Talk 0.7422 1.1588 0.4648 1.116 || 10.3445 0.3191
RobinHood 0.6871 2.4252 0.3341 1.7314 | 10.8743 0.3278
SilenceOfLambs 0.3739 8.9788 0.1459 2.9857 || 10.2314 0.6018
Ski 0.7496 3.8907 0.4150 3.3629 (| 10.7195 0.5387
Soccer 1.0867 1.7483 0.6633 1.6409 || 11.0610 0.3480
StarWarsIV 0.4949 2.0616 0.2171 0.7822 || 9.6646 0.3652
SusiUndStrolch 0.8363 1.4209 0.4289 0.8363 || 9.8921 0.4640
TheFirm 0.6385 21.1092 0.267 16.72 || 9.6371 0.5088
Troopers 0.5624 5.743  0.2692 4.2868 || 10.4019 0.4552

as independent and identically distributed (i.i.d.) sequence {d,, }
(the scene length d,, denotes the number of GOPs in the nth
scene) described by the CDF F;(k) given by

p(k) = p(k +1)
L—p(1)

where p(k) is the GOP ACF. In the SRP model, a second back-
ground process, which is independent of the first, characterizes
the GOP sizes through an i.i.d. sequence {S, } distributed to
the desired steady-state marginal distribution of the video traffic
[15]. The SRP is composed of a sequence of scenes where the
nth scene is d,, in length, and the sample path during this period
takes on values from the random variable S,,. Generation of the
second process requires a huge amount of computer resources
and complicates the model. Hence, we simplify the latter by
using the fluid version in which the {.S,, }’s are replaced by their
means {5, }. This simplification does not affect the accuracy of
the video model [4].

1) Scene Layer—Correlation Model: In general, three
groups of GOP correlation models can be distinguished [5]: (i)
Short-range dependence (SRD) models, such as the Markovian
ones, defined by an ACF p(k) that drops off exponentially,
p(k) ~ e~P% (ii) Long-range dependence (LRD) models, also
referred to as self-similar models and represented by an ACF
that drops off slowly, p(k) ~ k=7, and (iii) The M/G /oo
model, with an ACF of the form p(k) ~ e # vk The last model
fits between the two others given that it drops slower than the
SRD model and faster than the LRD one. Based on empirical
video traces, some papers [6], [7] show that the GOP ACF of
MPEG-4 encoded video traffic follows a self-similar model,
while others, for instance [5], show that it follows the M /G /oo
model.

Fyk)y=1- (14)
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Fig. 6. Video trace modeling for the Scene and GOP levels: (a) Approximation
for ACF of StarWarsIV GOPs by Self similar and M /G /oo processes; (b) GOP

CDFs of empirical movie traces and their approximations through Lognormal
distributions.

Before proceeding with our queuing buffer size modeling,
an investigation of the appropriate ACF model to be used is
needed. In this vein, we compare the fitting of the GOP ACF
of 18 empirical video traces [14] to both models (M /G /oo and
self-similar). Table III shows, at the scene level, the least square
error (LSE) between the GOP ACF of the empirical data and that
of the approximated GOP ACF, for different video sequences.
In addition, taking the StarWarsIV movie as an example, we
present in Fig. 6(a) the corresponding GOP ACF and the fitting
to the considered models. These results show that the M /G /oo
process is obviously more accurate than the self-similar model.
Hence, the scene length duration will have a CDF of the form:

e—BVE _ o—BVEFI
1—e 8

Furthermore, the differences in the ACF modeling noted

in the above-cited papers can be explained by examining the

Futurama GOP ACF statistics shown in Table III. In the latter,
we provide statistics for two windows of observation (GOP

Fa(k) =1- 15)
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interval), the first between GOP 500 and GOP 2500, and the
second between GOP 1000 and GOP 2500. The results show
that, in the first case, the LSE pertaining to the M/G /oo
model is smaller than that of the self-similar model. Hence, the
M /G /oo model can be considered as a better fit in this case.
The opposite is observed in the second case, which shows that
even the interval size of empirical video data affects the ACF
modeling. Moreover, we note that the larger the interval size
is, the better is the modeling of the ACF through an M /G /oo
process.

2) Gop Layer—Marginal Distribution: Pervious works
studied the statistical behavior of frames I, B, and P, and sug-
gested different distributions, such as the Gamma, lognormal,
Beta and hybrid Gamma/Pareto [5]-[7]. As aforementioned, the
intra-GOP correlation (fast time-scale) has little impact on the
queuing modeling for a weak-stability scenario, i.e., the condi-
tional mean of at least one scene is greater than the capacity of
the server, which is generally the case in wireless systems [4].
Thus, the intra-GOP behavior (frame) is not modeled and the
traffic unit is taken in terms of GOPs. Based on 18 empirical
video traces, for some of which we provide in Fig. 6(b) fitting
to the Lognormal CDF, a perfect match can be noted between
the empirical curves and the fitting ones. Using the underlined

distribution, the GOP size PDF with mean ) and variance o2,

can be expressed as
)2
f(.’l?) = 127ra: €xp I:_(logQ\x/;]\I) i| x> 0’
0 otherwise,

with V2 = log(1 + (02/4?)) and M = log(y?/\/02 + 42).
Designing and conducting such a set of experiments in justi-
fying the utilization of the M /G /oo model, and the Lognormal
distribution for the GOP size, is part of the contribution of this
paper. Table III presents the parameters needed to model both
layers (Scene and GOP) for different empirical video traces.

(16)

B. Queuing Buffer Size Modeling

Using the results of the previous section, we now present
simulation results demonstrating the accuracy of our video
streaming model, followed by results pertaining to the queuing
buffer size distribution. Fig. 7(a) illustrates a comparison
between the ACF of the real StarWarsIV trace and that of
the simulated one using the proposed video model with the
parameters of the real trace (Table IIT). As observed, both ACFs
can be fitted by the same exponential function, e~#VE with the
same parameter 3, which characterizes the ACF of an M /G /oo
process, hence demonstrating the accuracy of our model in
reproducing the same correlation behavior as a real trace. The
queuing buffer size for video traffic is more complicated to
model than the queuing delay of the web-browsing traffic.
Indeed, video traffic involves many independent parameters
(e.g., ACF parameters, GOP size parameters, scene duration
parameters, etc.) which makes establishing a general rela-
tionship between the parameters involved difficult to achieve.
However, based on extensive simulations, several observations
can be made with respect to the variation of the mean buffer

0.7 T T : ,
2 StarWarsIV
0.6 coneeo = GQimulated Trace |
= (M/G/~) StarWars
0.5 : . = = =(M/G/) Simulated []
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=
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Fig. 7. Validation of the proposed video traffic model considering StarWarsIV:
(a) ACF of the empirical GOPs and the ACF of the traffic generated by the
proposed model, and their respective M /G /oo approximations; (b) CDF of
the queuing buffer size at the Node-B, and its approximation through weighted
Weibull function for different numbers of UEs, V.

size x and that of the probability « of having an empty buffer,
as a function of the ACF coefficient (. In particular, we note
that the probability « is independent of (3, while x decreases
linearly as the value of 3 increases. Thus, we can conclude
that the probability to get an empty buffer is independent of
the correlation of the traffic (scene layer), and is more affected
by the traffic load (GOP layer). Furthermore, for a long-term
correlated video traffic (3 — 0), the GOP ACF p(k) — 1 and
the mean buffer size xy becomes very large, which can lead to
buffer overflow.

Following these observations, we now present the main im-
portant result, namely, that the queuing buffer size of video
streaming traffic follows a weighted Weibull distribution. Con-
sidering the StarWars IV trace, and the channel variations of the
different users to follow a Rayleigh distribution with an average
SNR of 16 dB, thus yielding a total throughput equal to 3.58
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Mbps [9], we show in Fig. 7(b) the CDF of the queuing buffer
size for different values of N. The CDF F(z) is given by

z\?
Fz)=a+(1-a)(1-el7)), a7
where « is the probability of having an empty buffer, and pa-
rameters 77 and 6 define the shape of the Weibull distribution
with mean x and variance ¢? given by

x=nl(1+0671),
¢*=n? [1+20Y) -T2(1+61)],
where I'(-) denotes the Gamma function.

The proposed queuing buffer size distribution model, which
is valid for any video traffic that can be well fitted by an
M/G /oo process, servers as a practical tool for the develop-
ment and evaluation of scheduling protocols that allow for an
efficient sharing of the resources between streaming-service
users. Indeed, without the need to resort to the complicated
video traffic generating, the proposed queuing buffer size
distribution model can be used to directly simulate the buffer
size and hence consider a wide range of traffic scenarios, which
does not only allow for a significant complexity reduction in
the performance analysis of existing scheduling policies, but
also for the development of new algorithms that dynamically
adapt to the operating condition so as to achieve the goal of
providing the required QoS for the users.

(18)

V. CONCLUSION

This paper proposed models for dimensioning the
web-browsing and video streaming services in HSDPA
networks. The web-browsing traffic was modeled through the
layered structure: session, burst and packet levels. We showed
that the packet-call queuing delay is exponentially distributed
and presented a mathematical formulation for the parameters
that characterize the corresponding PDF. By means of this
formulation or directly from our curves, for a given reading
time value and a required mean queuing delay, the maximum
number of allowed UEs can directly be deduced. In addition,
the proposed expressions can be used jointly with any fair
scheduling algorithm which provides the same air throughput
for all UEs. Besides, we provided a simple video-streaming
traffic model over three layers: movie, scene and GOP layers,
and showed that the GOP autocorrelation function of the video
traffic follows an M/G/oco process, and that the GOP size
follows a Lognormal distribution. Furthermore, we showed that
the queuing buffer size follows a weighted Weibull distribution
for all video traffics that can be modeled by M /G /oo processes.
The proposed model can be directly used to simulate the video
streaming buffer behavior, which significantly reduces the
complexity of the development and evaluation of scheduling
and call admission policies for the video streaming service.
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