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Abstract
Due to the burstiness of video traffic, video modeling is very important in order to evaluate the performance of future wired
and wireless networks. In this paper, we first study the behavior of single MPEG-4 videoconference traces and investigate the
possibility of modeling this type of traffic with well-known distributions. Our results show that the Pearson type V distribution is
the best fit among all the examined distributions, for all the traces under study. However, the behavior of single videoconference
traces can never be perfectly “captured” by a distribution generating independently frame sizes according to a declared mean and
standard deviation, due to the high autocorrelation of videoconference; therefore none of the fitting attempts can achieve high
accuracy. Still, our results on attempting to model single MPEG-4 videoconference sources provide significant insight and help to
build a Discrete Autoregressive (DAR(1)) model to “capture” the behavior of multiplexed MPEG-4 videoconference movies from
VBR coders. Based on our results and on comparisons with other existing approaches, we discuss the contribution of our proposed
method to the field.
c 2007 Elsevier B.V. All rights reserved.
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1. Introduction
The popularity of video streaming over the Internet is continuously growing, with hundreds of new subscribers
registered daily. In addition, existing and emerging wireless systems such as EGPRS, UMTS, CDMA-2000 and
WLAN enable multimedia transmission and reception at any place and time at reasonable and sufficient data rates;
video transmission for mobile terminals is likely to be a major application in future mobile systems and may be a key
factor to their success [1].
Therefore, as traffic from video services is expected to be a substantial portion of the traffic carried by emerging
wired and wireless networks, statistical source models are needed for Variable Bit Rate (VBR) coded video in order
to design networks which are able to guarantee the strict Quality of Service (QoS) requirements of the video traffic.
Video packet delay requirements are strict, because delays are annoying to a viewer; whenever the delay experienced
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by a video packet exceeds the corresponding maximum delay, the packet is dropped, and the video packet dropping
requirements are equally strict. There are three areas where single video source models are useful [2]:
a. Studying what types of traffic descriptors are needed for parameter negotiation with the network at call setup, as
the source model will be crucial in determining if, under the current load, an additional source with certain traffic
characteristics and service requirements may be accepted or not [3–5],
b. testing rate control algorithms and
c. predicting the quality of service degradation caused by congestion on an access link.
Hence, the problem of modeling video traffic, in general, and videoconferencing, in particular, has been extensively
studied in the literature. VBR video models which have been proposed in the literature include first-order
autoregressive (AR) models [6], discrete AR (DAR) models [2,7], Markov renewal processes (MRP) [8], MRP
transform-expand-sample (TES) [9], finite-state Markov chain [10,11], and Gamma–beta-auto-regression (GBAR)
models [12,13]. The GBAR model, being an autoregressive model with Gamma-distributed marginals and geometric
autocorrelation, “captures” data-rate dynamics of VBR video conferences well; however, it is not suitable for general
MPEG video sources [13].
In [14], various differences in successive video frame sizes of VBR video traffic were investigated, while in [15]
packet generation intervals, at various levels of video activity, were studied. In [7,16] the authors show that H.261
videoconference sequences generated by different hardware coders, using different coding algorithms, have gamma
marginal distributions (this result was also employed by [17], which proposes an Autoregressive Model of order one
for sequences of H. 261 encoding) and use this result to build a Discrete Autoregressive (DAR) model of order one,
which works well when several sources are multiplexed.
In [18–20], different approaches are proposed for MPEG-1 traffic, based on the lognormal, Gamma, and a hybrid
Gamma/lognormal distribution model, respectively. Standard MPEG encoders generate three types of video frames: I
(intracoded), P (predictive) and B (bidirectionally predictive); i.e., while I frames are intra-coded, the generation of
P and B frames involves, in addition to intra-coding, the use of motion prediction and interpolation techniques. More
specifically, an I frame uses only transform coding and provides a point of access to the compressed video data. A P
frame uses motion-compensated prediction from the most recent previous I or P frame. I frames and P frames are
called anchor frames because they are used to predict other frames. As P frames use information already transmitted
in previous anchor frames, their size (number of bits required for representation) can be much less than that of an
I frame. B frames are coded based on both past and future I or P frames, offering the greatest opportunity for data
compression; the size of a B frame is typically about an order of magnitude smaller than that of an I frame [13]. In
synopsis, I frames are, on average, the largest in size, followed by P frames and then by B frames.
An important feature of common MPEG encoders (both hardware and software) is the manner in which frame types
are generated. Typical encoders use a fixed Group-of-Pictures (GOP) pattern when compressing a video sequence; the
GOP pattern specifies the number and temporal order of P and B frames between two successive I frames. A GOP
pattern is defined by the distance N between I frames and the distance M between P frames. In practice, the most
frequent value of M is 3 (two successive B frames) while the most frequent values of N are 6, 12, and 15, depending
on the required video quality and the transmission rate.
Generally, as analyzed in [19], all the video modeling studies presented above can be classified into two categories:
(a) data-rate models, and (b) frame-size models.
In a data-rate model, only the rate at which data are arriving at a link is generated for performance prediction
purposes. Almost all models, including AR, DAR, MRP, MRP TES and the GBAR model, fall under this category.
These models achieve good and often very good results in predicting average packet-loss probability and ATM buffer
overflowing probability. However, they have the shortcoming of failing to identify such details as the percentage of
frames affected, as even a small rate of data loss involving I frames may affect perceptual quality of received video
significantly, but the same amount of data loss in B frames would have far less impact.
In a frame-size model, sizes of individual MPEG frames are generated, and hence, data-rate information can be
obtained from the frame-size information. The inherent frame-by-frame burst nature of MPEG videos is preserved in
this category of models.
In this work, we focus on the problem of modeling videoconference traffic from MPEG-4 encoders, which is a
relatively new and yet open issue in the relevant literature (all previously mentioned references to MPEG modeling
research efforts addressed MPEG-1 and MPEG-2 modeling). The MPEG-4 standard is particularly designed for video
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streaming over wireless networks [21,42]. We use four different long sequences of MPEG-4 encoded videos and we
show that the use of the Gamma and lognormal distributions (which are considered the best choice for modeling many
types of video traffic and especially the Gamma distribution is the basis for many of the above-mentioned models of
the literature), is not the most appropriate for MPEG-4 videoconference traffic. We show that, for modeling single
videoconference sources, the best choice among all the examined distributions is the Pearson type V distribution.
However, the high autocorrelation characteristic of videoconference traffic can never be perfectly “captured” by a
distribution generating independently frame sizes according to a declared mean and standard deviation, and therefore
none of the fitting attempts (including the Pearson V), as good as they might be, can achieve perfect accuracy. For
this reason, we extend our work in order to build models which “capture” well the behavior of multiplexed MPEG-4
videoconference movies, by generating frame sizes independently for I, P and B frames (i.e., we build a framesize model). Our work follows the steps of the work conducted by Heyman et al. in [7,16] in order to build Discrete
Autoregressive (DAR) models of order one. The work in [7,16], as already mentioned earlier in this section, focused on
video traffic originating from previous technology encoders (H.261); MPEG-4 traffic has quite different characteristics
from H.261 and H.263 traffic (newer H.26x technology encoding), but also from MPEG-1 and MPEG-2 traffic.
However, our results agree with those in [7,16] in that it is shown that the DAR models work well when several
sources are multiplexed (which is most often the case in both wired and wireless networks). Of course, as will be
shown in the description of our approach, the different nature of MPEG-4 videoconference traffic compared to H.261
traffic demands the use of three DAR models instead of one, as in [7,16].
A brief reference to the MPEG-4 standard and the most important differences of MPEG-4 encoding with H.261,
H.263, MPEG-1 and MPEG-2 encoding follows.
H.261 was targeted for teleconferencing applications where motion is naturally more limited, and therefore H.261
motion vectors’ accuracy is reduced in comparison to MPEG. Also, H.261 encoding does not use B frames. The
coding algorithm of H.263 is similar to that used by H.261; however, with some improvements and changes to improve
performance and error recovery. H.263 supports five resolutions: in addition to QCIF and CIF that were supported by
H.261 there is SQCIF, 4CIF, and 16CIF. SQCIF is approximately half the resolution of QCIF. 4CIF and 16CIF are 4
and 16 times the resolution of CIF respectively. The support of 4CIF and 16CIF means the codec could then compete
with other higher bit-rate video coding standards such as the MPEG standards.
MPEG-1 is basically a standard for storing and playing video on a single computer at low bit-rates. It is focused on
bit-streams of about 1.5 Mbps and for storage of digital video on CDs. The focus is on compression ratio rather than
picture quality. It can be considered as traditional VCR quality, with the difference that it is digital instead of analog.
MPEG-2 is a standard for digital TV. It meets the requirements for HDTV and DVD (Digital Video/Versatile Disc).
The MPEG-2 project focused on extending the compression technique of MPEG-1 to cover larger pictures and higher
quality at the expense of a lower compression ratio and therefore also higher bandwidth usage. MPEG-2 also provides
more advanced techniques to enhance the video quality at the same bit-rate.
The MPEG group initiated the new MPEG-4 standards in 1993 with the goal of developing algorithms and tools
for high efficiency coding and representation of audio and video data to meet the challenges of videoconferencing
applications. The standards were initially restricted to low bit-rate applications but were subsequently expanded to
include a wider range of multimedia applications and bit-rates. The most important addition to the standards was
the ability to represent a scene as a set of audiovisual objects. The MPEG-4 standards differ from the MPEG-1 and
MPEG-2 standards in that they are not optimized for a particular application but integrate the encoding, multiplexing,
and presentation tools required to support a wide range of multimedia information and applications. In addition to
providing efficient audio and video encoding, the MPEG-4 standards include such features as the ability to represent
audio, video, images, graphics, text, etc. as separate objects, and the ability to multiplex and synchronize these objects
to form scenes. Support is also included for error resilience over wireless links, the coding of arbitrary shaped video
objects, and content-based interactivity such as the ability to randomly access and manipulate objects in a video
scene [24]. In comparison to MPEG-2, an MPEG-4 encoder achieves a bit-rate reduction by a factor of two or
three without affecting the subjective video quality [22,40]. However, the bit-rate variability of the encoded streams
and their statistics are very different from MPEG-2 streams, in particular when low bit-rate encoding is used [26].
These differences were a motivation for our work on designing a model capable of accurately reproducing MPEG-4
videoconference traffic.
To the best of our knowledge, the subject of modeling MPEG-4 videoconference traffic has been addressed in
the relevant literature only in [42,43]. However, important work has been presented on modeling MPEG-4 encoded
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Table 1
Statistics for the I, P, B frames of the ARD Talk trace
Trace

Mean bit rate (Kbps)

Peak bit rate (Mbps)

Standard deviation (Kbps)

Office cam
Lecture room cam
N3 Talk
ARD Talk

400
210
550
540

2
1.5
3.4
3.1

434
182
329
346

movies in [21–23]. The different characteristics of videoconference traffic (e.g., much higher autocorrelation than
movies, different ratios in the sizes of P and B frames than movies, no significant changes between scenes) were also
a motivation for our work on an efficient model for this type of traffic. After the detailed presentation of our modeling
approach, we discuss the results of our proposed modeling method in respect to the results presented in [21–23,42,
43], as we believe that this comparison can lead to significant conclusions.
The rest of the paper is organized as follows: Section 2 introduces our study on the possibility of modeling single
videoconference traces based on a distribution generating frame sizes independently, and discusses its accuracy.
Section 3 contains a brief explanation of the DAR(1) model and then proceeds to discuss its implementation in order to
acquire an accurate model for multiplexed MPEG-4 videoconference streams. Section 4 includes the aforementioned
comparison of our method and results with the approaches and results presented in [21–23,42,43]. Finally, Section 5
presents the conclusions of our study.
2. A study on single-source MPEG-4 videoconference modeling
2.1. Frame-size histograms
As already mentioned in the introduction, we use four different long sequences of MPEG-4 encoded videos
(from [25,26]) with low or moderate motion (i.e., traces with very similar characteristics to the ones of actual
videoconference traffic), in order to derive a statistical model which fits well the real data. The length of the videos
varies from 45 to 60 min and the data for each trace consists of a sequence of the number of cells per video frame
and the type of video frame, i.e., I, P, or B. We use packets of ATM cell size throughout this work, but our modeling
mechanism can be used equally well with packets of other sizes. We have investigated the possibility of modeling the
four videoconference videos with quite a few well-known distributions and our results show that the best fit among
these distributions is achieved for all the traces studied with the use of the Pearson type V distribution. The Pearson
type V distribution (also known as the “inverted Gamma” distribution) is generally used to model the time required
to perform some tasks (e.g., customer service time in a bank); other distributions which have the same general use
are the exponential, Gamma, Weibull and lognormal distributions [31]. Since all these distributions have been often
used for video traffic modeling in the literature, they have been chosen as fitting candidates in order to compare their
modeling results in the case of MPEG-4 videoconferencing.
We have used the high quality coding version of the four traces which were used in our study. The traces are,
respectively:
1. A video stream extracted and analyzed from a camera showing the events happening within an office (Video Name:
“Office Cam”).
2. A video stream extracted and analyzed from a camera showing a lecture (Video Name: “Lecture Room Cam”).
3. A video stream extracted and analyzed from a talk-show (Video Name: “N3 Talk”).
4. A video stream extracted and analyzed from another talk-show (Video Name: “ARD Talk”).
The trace statistics are presented in Table 1.
New video frames arrive every 40 ms, in Quarter Common Intermediate Format (QCIF) resolution. The
compression pattern used to encode all the examined video streams is IBBPBBPBBPBB, i.e., N = 12, M = 3,
according to the definitions used in Section 1.
The frame-size histogram based on the complete VBR streams is shown, for all four sequences, to have the general
shape of a Pearson type V distribution (this is shown in Fig. 1, which presents indicatively the histogram for the lecture
sequence).
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Fig. 1. Histogram for the frame size of the lecture camera trace.

Our observation for the shape of the histograms, derived here for MPEG-4 videoconference traffic, was also derived
for MPEG-1 traffic in [30], for a 23 min long sequence of the movie The Wizard of Oz. The authors in [30] reached the
conclusion that, regardless of the fact that the Pearson type V distribution may be a better fit than other distributions
for the whole trace, the development of a model based on a distribution for all frames is not a good choice, as the
impact of the frame type (I, P, B) would not be “captured” in such a model. In our work, we first proceeded by
testing, statistically, which distribution provides a better fit for the above traces (i.e., if the Pearson V is indeed the
better fit for each whole trace), and then we extended our study on each video frame type.
2.2. Statistical tests and autocorrelations
The statistical test was made with the use of Q–Q plots. The Q–Q plot is a powerful goodness-of-fit test [7,31],
which graphically compares two data sets in order to determine whether the data sets come from populations with a
common distribution (if they do, the points of the plot should fall approximately along a 45 deg reference line). More
specifically, a Q–Q plot is a plot of the quantiles of the data versus the quantiles of the fitted distribution (a) z-quantile
of X is any value x such that P((X ≤ x) = z).
We have plotted the 0.01-, 0.02-, 0.03-, . . . quantiles of the actual trace versus the respective quantiles of the various
distribution fits for the ARD Talk, N3 Talk, office camera and lecture camera traces, and the common characteristic
observed in all four figures was that the Pearson V distribution fit was the best in comparison to the Gamma, Weibull,
lognormal and exponential distributions.
However, as in [30], although the Pearson V was shown to be the better fit among all distributions, the degree of
goodness-of-fit for the Pearson V varied significantly, and even in the cases of a good fit the fit was not highly accurate.
This was expected, as the gross differences in the number of bits required to represent I, P and B frames impose
a degree of periodicity on MPEG-encoded streams, based on the cyclic GOP formats (i.e., the cyclicity leads to very
high autocorrelation among subsequent video frames, therefore this behavior cannot be captured by a distribution
generating frame sizes independently). Any model which purports to reflect the frame-by-frame correlations of an
MPEG-encoded video stream must account for GOP cyclicity, otherwise the model could produce biased estimates of
cell loss rate for a network with some given traffic policing mechanism [13,20].
Hence, we proceeded to study the frame size distribution for each of the three different video frame types (I, P, B),
in the same way we studied the frame size distribution for the whole trace. This approach was also used:
a. In [30], where the authors reached the conclusion that, although the frame-size histogram of the MPEG-1 sequence
has the general shape of a Pearson type V distribution, each of the three frame-size subsequences is best modeled
with the use of a fit based on the lognormal distribution.
b. In [13], where the GOP GBAR model, proposed by the authors, attempts to “capture” overall statistical properties
of I, P and B frames of MPEG movies by using three GBAR models for the generation of three random variables
that have Gamma (or Gamma–Weibull)-distributed marginals and geometric autocorrelations.
Another approach, similar to the above, was proposed in [18]. This scheme uses again lognormal distributions and
assumes that the change of a scene alters the average size of I frames, but not the sizes of P and B frames. However, it
is shown in [8,19] that the average sizes of P and B frames can vary 20% and 30% (often more than that), respectively,
in subsequent scenes; therefore the size changes are statistically significant.
As it will be shown from our results, none of the above choices of distribution fits are relevant to the case of I, P
and B frames of MPEG-4 videoconference traffic.
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Table 2
Statistics for the I, P, B frames of the ARD Talk trace
Frame
type

Mean frame size
(B)

Peak frame size
(B)

Variance-frame
size

Pearson type V parameters (α, β)

Autocorrelation (lag-1)

I frames
P frames
B frames

7035
3020
2075

13 857
15 579
10 486

3 093 441
1 663 610
642 279

(18, 119 608.99)
(7.48, 19 579.61)
(8.7, 15 974.7)

0.932357
0.778138
0.944969

Fig. 2. Q–Q plot for the ARD Talk I frames.

Fig. 3. Q–Q plot for the ARD Talk P frames.

The mean, peak and variance of the video frame sizes for each video frame type of the ARD Talk trace are given
in Table 2, along with the respective parameters of the Pearson type V distribution and the autocorrelation coefficient
of lag-1. The autocorrelation coefficient of lag-1 shows the very high degree of correlation between successive frames
of the same type and will be used in the following sections of this work, in order to build a Discrete Autoregressive
Model for each video frame type. The Probability Density Function (PDF) of a Pearson type V distribution with
parameters (α, β) is f (x) = x −(α+1) e−β/x /β −α Γ (α), for all x > 0, and zero otherwise. The mean and variance are
given by the equations: Mean = β/(α − 1), Variance = β 2 /[(α − 1)2 (α − 2)]. The Pearson type V parameters were
similarly calculated for each video frame type of the other three traces under study.
From the five distributions examined (Pearson V, exponential, Gamma, lognormal, Weibull) the Pearson V
distribution once again provided the best fitting results for 11 of the 12 cases examined, i.e., for all video frame
types of the office, ARD Talk and lecture camera traces, and for the I, B frame types of the N3 Talk trace. The only
case in which the Pearson V distribution exhibits worse fitting results than another distribution is that of the N3 Talk
P frames, where the best fitting result is derived with the use of the lognormal distribution (still, even in this case the
difference in the goodness-of-fit results was very marginal). We present indicatively some of these results in Figs. 2–4
(the results omitted here are identical in nature with the ones presented in the figures).
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Fig. 4. Q–Q plot for the ARD Talk B frames.

Fig. 5. KS-test (Comparison percentile plot) for the ARD Talk I frames.

In order to further verify the validity of our results, we performed Kolmogorov–Smirnov tests for all 12 fitting
attempts. The Kolmogorov–Smirnov test (KS-test) tries to determine if two datasets differ significantly. The KS-test
has the advantage of making no assumption about the distribution of data, i.e., it is non-parametric and distribution
free. The KS-test uses the maximum vertical deviation between the two curves as its statistic D. For more information
on the KS-test the interested reader is referred to [31]. As explained in [31], the use of KS-tests is a good statistical
tool; however it has the drawback that KS-tests give the same weight to the difference between the actual data and the
fitted distribution for all values of data, whereas many compared distributions differ primarily in their tails. The results
of our KS-tests, in Figs. 5 and 6 (which are presented here indicatively), confirm our respective conclusions based on
the Q–Q plots (i.e., the Pearson V distribution is the best fit). Similar results were deduced by all 12 KS-tests. The
KS-test for the N3 Talk P frames also confirms the respective Q–Q plot result that, just in this case, the lognormal
distribution provides a very marginally better fit (Dlognormal = 0.171875, DPearsonV = 0.173828).
Although controversy persists regarding the prevalence of Long Range Dependence (LRD) in VBR video
traffic [27,28,38], in the specific case of MPEG-encoded video, research has shown that LRD is important [18,29]. The
results of our study on single MPEG-4 videoconferencing agree with this conclusion. The sizes of the frames produced
by an MPEG video encoder are strongly correlated, as the correlations are a natural consequence of the recurrent GoP
pattern and the similarities between the successive images which form the basic elements of a compressed video
stream [22]. The autocorrelation functions for the N3 Talk and office camera traces are shown in Figs. 7 and 8 (the
autocorrelation function of the ARD Talk trace is similar to that of the N3 Talk trace and the autocorrelation function
of the lecture camera trace is similar to that of the office camera trace; they are not presented here in order to avoid
repetitive results). Two apparent periodic components are observed from Figs. 7 and 8, one containing lags with low
autocorrelation and the other lags with high autocorrelation. We observe that autocorrelation remains high even for
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Fig. 6. KS-test (Comparison percentile plot) for the ARD Talk P frames.

Fig. 7. Autocorrelation function of the N3 Talk trace.

Fig. 8. Autocorrelation function of the office camera trace.

large numbers of lags and that both components decay very slowly; both these facts are a clear indication of the
importance of LRD. Our results for videoconferencing traffic agree in this matter with the respective ones in [22] for
video traffic: strong autocorrelation coefficients are found due to the periodic recurrence of I, B and P frames, and
the autocorrelation function has a very slowly exponentially decreasing envelope.
As mentioned earlier and shown in the figures above, a general comment which stands for all types of frames of
the four traces of videoconference traffic is that the autocorrelation coefficient for frames of the same type is always
very large, i.e., traffic is highly correlated between successive frames. Although the fitting results when modeling each
video frame type separately, with the use of the Pearson V distribution, are clearly better than the results produced by
modeling the whole sequence uniformly, this high autocorrelation can never be perfectly “captured” by a distribution
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generating frame sizes independently, according to a declared mean and standard deviation, and therefore none of
the fitting attempts (including the Pearson V), as good as they might be, can achieve perfect accuracy. However, the
identification of the Pearson V distribution as the best one for fitting the video frame sizes is very useful (as it was in [7,
16] for the respective identification of the Gamma and negative binomial distributions for H.261 traffic); following
the steps of [7,16], we extend our work in order to build DAR models which inherently use the autocorrelation
coefficient of lag-1 in their estimations and which will be shown to “capture” well the behavior of multiplexed MPEG4 videoconference movies, by generating frame sizes independently for I, P and B frames with the use of the Pearson
V distribution.
3. Modeling multiplexed MPEG-4 videoconference traffic
3.1. The DAR(1) model
Autoregressive models have been used in the past to model the output bit-rate of VBR encoders, e.g. [32,33].
A Discrete Autoregressive model of order p, denoted as DAR( p) [34,35], generates a stationary sequence of
discrete random variables with an arbitrary probability distribution and with an autocorrelation structure similar to
that of an Autoregressive model. DAR(1) is a special case of a DAR( p) process and it is defined as follows: let {Vn }
and {Yn } be two sequences of independent random variables. The random variable Vn can take two values, 0 and 1,
with probabilities 1-ρ and ρ, respectively. The random variable Yn has a discrete state space S and P{Yn = i) = π(i).
The sequence of random variables {X n } which is formed according to the linear model:
X n = Vn X n−1 + (1 − Vn )Yn
is a DAR(1) process.
A DAR(1) process is a Markov chain with discrete state space S and a transition matrix:
P = ρI + (1 − ρ)Q

(1)

where ρ is the autocorrelation coefficient, I is the identity matrix and Q is a matrix with Q i j = π( j) for i, jεS.
Autocorrelations are usually plotted for a range W of lags. The autocorrelation can be calculated by the formula:
ρ(W ) = E[(X i − µ)(X i+w − µ)]/σ 2 ,

(2)

where µ is the mean and σ 2 the variance of the frame size for a specific video trace.
3.2. Modeling results and discussion based on Q–Q plots
As in [7,16,36], where a DAR(1) model with negative binomial distribution was used to model the number of
cells per frame of VBR teleconferencing video, we want to build a model based only on parameters which are either
known at call set-up time or can be measured without introducing much complexity in the network. DAR(1) provides
an easy and practical method to compute the transition matrix and gives us a model based only on four physically
meaningful parameters, i.e., the mean, peak, variance and the lag-1 autocorrelation coefficient ρ of the offered traffic
(these correlations, as already explained, are typically very high for videoconference sources). According to [37], the
DAR(1) model can be used with any marginal distribution.
As shown in our work on modeling a single MPEG-4 videoconference trace, the lag-1 autocorrelation coefficient
for the I, P and B frames of each trace is very high in almost all the studied cases. Therefore, we proceeded to build a
DAR(1) model for each video frame type for each one of the four traces under study. More specifically, in our model
the rows of the Q matrix consist of the Pearson type V probabilities ( f 0 , f 1 , . . . f k , FK ), where FK = Σk>K f k , and
K is the peak rate. Each k, for k < K , corresponds to possible source rates less than the peak rate of K .
From the transition matrix in (1) it is evident that if the current frame has, for example, i cells, then the next frame
will have i cells with probability ρ + (1 − ρ) ∗ f i , and will have k cells, k 6= i, with probability (1 − ρ) ∗ f k .
Therefore the number of cells per video frame stays constant from one (I, P or B) video frame to the next (I, P or
B) video frame, respectively, in the realization of our model, with a probability slightly larger than ρ (for example, in
the ARD Talk trace, with probability slightly larger than 93.23%, 77.81%, 94.49% for the I, P and B frames of the
trace, respectively). This is evident in Figs. 9–11, where we compare the actual I, P and B video frames’ sequences

60

A. Lazaris et al. / Performance Evaluation 65 (2008) 51–70

Fig. 9. Comparison for a single trace between a 2000 frame sequence of the actual I frames of the ARD Talk trace and the respective DAR(1)
model in number of cells/frame (Y axis).

Fig. 10. Comparison for a single trace between a 2000 frame sequence of the actual P frames sequence of the ARD Talk trace and the respective
DAR(1) model in number of cells/frame (Y axis).

Fig. 11. Comparison for a single trace between a 2000 frame sequence of the actual B frames sequence of the ARD Talk trace and the respective
DAR(1) model in number of cells/frame (Y axis).

of the ARD Talk trace and their respective DAR(1) model realizations and it is shown that the DAR(1) models’ data
produce a “pseudo-trace” with a periodically constant number of cells for a number of video frames. This causes a
significant difference when comparing a segment of the sequence of I, P, or B frames of the actual ARD Talk video
trace and a sequence of the same length produced by our DAR(1) model. The same vast differences also appeared
when we plotted the DAR(1) models versus the actual I, P and B video frames of the actual N3 Talk, office camera
and lecture camera traces for a single movie.
However, our results have shown that the differences presented above become small for all types of video frames
and for all the examined traces for a superposition of 10 or more sources, and are almost completely smoothed
out in most cases, as the number of sources increases (the authors in [7,36] have reached similar conclusions for
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Fig. 12. Comparison for 20 superposed sources between a 2000 frame sequence of the actual P frames sequence of the ARD Talk trace and the
respective DAR(1) model in numbers of cells/frame (Y axis).

Fig. 13. Q–Q plot of the DAR(1) model versus the actual video for the B frames of the N3 Talk trace, for 20 superposed sources.

Fig. 14. Q–Q plot of the DAR(1) model versus the actual video for the P frames of the N3 Talk trace, for 20 superposed sources.

their own DAR(1) model and they present results for a superposition of 20 traces). This is clear in Fig. 12, which
presents the comparison between our DAR(1) model and the actual P frames’ sequences of the ARD Talk video, for a
superposition of 20 traces1 (the results were similar for all video frame types of all four traces). The common property
of these results (derived by using a queue to model multiplexing and processing frames in a FIFO manner) is that the
DAR(1) model seems to provide very accurate fitting results for P and B frames, and relatively accurate results for I
frames.
However, although Fig. 12 and our respective results for the other traces suggest that the data distribution of a
realization of DAR(1) “captures” well the behavior of the multiplexed actual traces, they do not suffice as a result.
Therefore, we proceeded again with testing our model statistically in order to study whether the data distribution of
our model’s realization is a good fit for the I, P, B frames for the trace superposition.
For this reason we have used again Q–Q plots, and we present indicatively some of these results in Figs. 13–16,
where we have plotted the 0.01-, 0.02-, 0.03-, . . . quantiles of the actual video frames’ types versus the respective
1 We have used the initial trace sequences to generate traffic for 20 sources, by using different starting points in the trace.
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Fig. 15. Q–Q plot of the DAR(1) model versus the actual video for the I frames of the N3 Talk trace, for 20 superposed sources.

Fig. 16. Q–Q plot of the DAR(1) model versus the actual video for the I frames of the ARD Talk trace, for 20 superposed sources.

quantiles of the respective realized DAR(1) models, for a superposition of 20 traces (the quantities in both axes for all
of the Figs. 13–16 refer to the total number of packets of ATM cell size generated by the sources). As shown in Figs. 13
and 14, which present the comparison of actual P and B frames with the data distributions of the respective DAR(1)
models, the points of the Q–Q plot fall almost completely along the 45 deg reference line (or very close to it), with
the exception of the first and last 3% quantiles (left- and right-hand tail), for which the DAR(1) model underestimates
and overestimates, respectively, the probability of frames with a very small (large) number of cells. The very good
fit shows that the superposition of the P and B frames of the actual traces can be modeled very well by a respective
superposition of data produced by the DAR(1) model, as was suggested in Fig. 12.
Figs. 15 and 16 present the comparison of actual I frames with the respective DAR(1) models, for the ARD Talk
and the N3 Talk traces. Again, the result suggested from the comparison between a 2000 frame sequence of the actual
I frames’ sequence of the ARD Talk trace and the respective DAR(1) model (discussed earlier, with our results on
Fig. 12), i.e., that our method for modeling I frames of multiplexed MPEG-4 videoconference streams provides only
relative accuracy, is shown to be valid with the use of the Q–Q plots. As shown in the figures, the DAR(1) model
significantly overestimates, for a large area of quantiles, the traffic which is generated in the I frames of the superposed
sources.
The results for all the other cases which are not presented in Figs. 13–16 are similar in nature to the ones shown in
the figures. More detailed comments on these results are discussed in Section 4, which presents a comparison of our
model with three other efficient MPEG-4 traffic models of the recent relevant literature.
One problem which could arise with the use of DAR(1) models is that such models take into account only short
range dependence, while, as shown earlier, MPEG-4 videoconference streams show LRD. This problem is overcome
by our choice of modeling I, P and B frames separately, instead of modeling the whole trace. This is shown in Table 3
(which presents the lag-1, lag-2 and lag-3 autocorrelation for various numbers of I, P, B frames’ superposition), and
in Figs. 17–20, which again present indicatively the autocorrelation versus the number of lags for various video
frames’ types of superpositions, for the traces under study.
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Lag-1, lag-2 and lag-3 autocorrelation for various superposed video frames’ types
Frame
type

Lag
number

Autocorrelation for 10
superposed ARD Talk
traces

Autocorrelation for 10
superposed lecture
camera traces

Autocorrelation for 15
superposed office camera
traces

Autocorrelation for 20
superposed N3 Talk traces

I frames

lag-1
lag-2
lag-3

0.923099
0.851932
0.790611

0.988417
0.979339
0.970938

0.977590
0.968813
0.959997

0.846386
0.708864
0.599729

P frames

lag-1
lag-2
lag-3

0.677880
0.622169
0.581068

0.810007
0.788674
0.925405

0.839514
0.771694
0.755593

0.798678
0.644500
0.587320

B frames

lag-1
lag-2
lag-3

0.924995
0.873943
0.823523

0.974796
0.961141
0.952967

0.786822
0.764408
0.679838

0.946025
0.903311
0.872255

Fig. 17. Autocorrelation vs. number of lags for the I frames of the actual ARD Talk trace and the DAR(1) model, for 20 superposed sources.

Fig. 18. Autocorrelation vs. number of lags for the I frames of the actual N3 Talk trace and the DAR(1) model, for 20 superposed sources.

Fig. 19. Autocorrelation vs. number of lags for the P frames of the actual N3 Talk trace and the DAR(1) model, for 20 superposed sources.

Table 3 shows that the degree of correlation between successive frames (lag-1) of the same type, which was shown
to be very high for single traces in Table 2, remains very high for various numbers of superposed sources. However
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Fig. 20. Autocorrelation vs. number of lags for the B frames of the actual N3 Talk trace and the DAR(1) model, for 20 superposed sources.

it is clear from the combined results in Table 3 and in Figs. 17–20 that, even for a small number of lags the high
autocorrelation of the superposition of frames decreases quickly, for all the traces (this number varies from as low
as 3, as shown in many cases in Table 3, to a maximum of 10; as shown in all the figures, for lags greater than 10
the autocorrelation decreases dramatically). This decrease is in some cases “captured” well by the DAR(1) model
(e.g., Figs. 17 and 18) and in some cases not (e.g., Figs. 19 and 20). However, the important conclusion in all cases
is that the quick decrease of the autocorrelation causes its “capture” (good or not) to have minimal impact on the
fitting quality of the DAR(1) model. Figs. 17–20 were chosen specifically among the 12 respective results for the
autocorrelation versus the number of lags for a superposition of frames’ types, in order to emphasize this minimal
impact and to further support our choice of using a first-order model. This is clear when comparing:
a. Figs. 13 and 20, which show that, as long as the autocorrelation of the actual video frames sequence decreases
quickly, the existence of a difference between this autocorrelation and the autocorrelation of the respective DAR(1)
model (which decreases even more quickly) does not affect the high quality of the fit.
b. Figs. 16 and 17, which show that, even in the case of a nearly perfectly accurate fit among the autocorrelations of
the actual sequence and the model, the model does not necessarily provide equally accurate fitting results.
The important conclusion from all of the above results is that if the autocorrelation of the video frames’ sequence
remained high for multiplexed traffic (as it does for singe-source traffic), the DAR(1) approach would not work. The
reason that our approach works so well is that the autocorrelation of multiplexed traffic diminishes so quickly, that it
becomes of negligible importance in terms of modeling the behavior of multiplexed traffic.
3.3. Modeling results and discussion based on a queuing performance study
Finally, we completed our statistical analysis with a queuing performance study similar to the one presented in [22],
in order to acquire additional validation for the quality of our results. More specifically, we fed a discrete time
queuing system (representing a downlink channel) with unlimited buffer size, for a 20 Mbps channel transmission
rate. The transmission slot had a 40 ms duration (equal to the inverse of the video frame rate). We assumed, in our
simulation, that up to 10 packets (this value is taken from [22]) of length equal to 48 B (payload of an ATM-sized
packet), may be served during each transmission slot (i.e., we consider a TD/CDMA channel frame with a duration
of 12 ms [41] and 62 slots/frame). We studied the packet waiting time and the packet loss ratio to validate the model
for various load factors, given the delay constraints of real time video streams (packets of a video frame need to
be transmitted before the arrival of the next video frame, i.e., within 40 ms, otherwise they are dropped; an upper
bound of just 0.01% is allowed for videoconference packet dropping [41]). A load of 0.4, e.g., corresponds to a load
of 0.4*20 Mbps = 8 Mbps. It should be noted here that in our queuing performance study we compare the results
between the whole actual traces and our models, i.e., we do not compare I, P and B frames separately between the
actual trace and the models, but instead we use our separate models for I, P and B frames in order to generate a
“pseudo-trace” based on the actual traces’ GOP pattern (N = 12, M = 3).
We have derived results for all the traces under study; we present here selectively some of them, for brevity reasons.
The results for all cases not shown below are of very similar nature to the ones presented.
Figs. 21–23 present a comparison of the waiting time cdfs for superposed “Office Cam” and “N3 Talk” traces
and our respective models; it is clear from all three figures that our modeling approach allows a quite accurate
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Fig. 21. Waiting time cdfs for the office camera traces and the model, for 10 superposed sources (offering a 20% average channel load). Unlimited
buffer size.

Fig. 22. Waiting time cdfs for the office camera traces and the model, for 20 superposed sources (offering a 40% average channel load). Unlimited
buffer size.

Fig. 23. Waiting time cdfs for the N3 Talk traces and the model, for 20 superposed sources (offering a 55% average channel load). Unlimited buffer
size.

characterization of the waiting time experienced by the packets of the multiplexed MPEG-4 videoconference sources,
for various but realistic load factors (20%–55%). This result, combined with the results presented in Figs. 13–16,
verifies the validity of our modeling approach, hence showing that a first-order model is a competent candidate for
modeling MPEG-4 videoconference traffic from multiplexed video sources. However, as shown in Figs. 22 and 23,
the loads of 20 superposed “Office Cam” and “N3 Talk” sources, respectively, is too large for the system to handle
(both for the real traces and our pseudo-traces) without an excessive delay (significantly larger than the 40 ms upper
bound) being experienced by a large percentage of the video packets.
The fact that the results for the actual traces and the model do not perfectly coincide in Figs. 21 and 22 is mainly
due to the fact that our modeling approach is not perfectly accurate in modeling I frames.

66

A. Lazaris et al. / Performance Evaluation 65 (2008) 51–70

Fig. 24. Video packet dropping ratio versus offered load from superposition of N3 Talk traces. Unlimited buffer size.

The system’s inadequacy to handle (in both the cases of the model and the actual trace) the offered traffic is more
intense in the results presented in Fig. 23, where a larger percentage of the video packets than in Fig. 22 experiences
longer delays than the 40 ms upper bound. The reason for this is not only the higher offered load, but also that the
“Office Cam” trace (used in Figs. 21 and 22) has a mean rate of 400 Kbps and peak rate of 2 Mbps, whereas the “N3
Talk” trace has a mean rate of 550 Kbps and peak rate of 3.4 Mbps; therefore not only is the “N3 Talk” trace more
demanding in bandwidth, but most importantly it is much burstier (peak/mean = 6.18) than the “Office Cam” trace
(peak/mean = 5). This inadequacy is made clearer in Fig. 24, which presents the video packet loss ratio for various
system loads offered by a superposition of “N3 Talk” traces. For both the model and the actual traces, the system is
unable to satisfy the QoS requirement of maximum 0.01% video packet dropping, for loads higher than 46%.
The most important conclusion from Figs. 21–24 is, again, that all the results derived from our modeling approach
are shown to be very close to the ones derived with the use of the actual traces.
4. Conceptual comparison with other MPEG-4 modeling schemes
As stated in the introduction section, to the best of our knowledge the subject of modeling MPEG-4
videoconference traffic has been addressed in the relevant literature only in [42,43]. However, in [21–23], three
efficient schemes for modeling MPEG-4 video traffic were proposed and evaluated. In this section, we will
conceptually compare our work with all of these studies.
In [22], the author proposes a model based on a detailed analysis of the first and second order statistics of real
MPEG-4 traces, which uses a customization of the Discrete Batch Markovian Process. Although the four traces used
by the author (MPEG-4, low bit rate encoding) exhibit LRD, as in the case of our traces, the fact that the author is
considering video traffic instead of videoconference causes his model to be significantly different to ours. The model
in [22] is based on the identification of the start of each new scene, which is not the case in videoconference traffic,
where more or less there is basically one scene with small changes. Also, the author uses the lognormal distribution
to provide a good fit for the subsequence of the mean I frames sizes of each scene, which was shown earlier to be
a second-rate choice for MPEG-4 videoconference traffic; the same choice (of the lognormal distribution) is made
in [22] for the approximation of the B and P frames’ size distributions. Finally, the author compares the correlations
of the B, P and I frames’ size sequences and denotes that the I sequence correlation is always clearly superior to the
B or P sequence correlation, which is often not the case in MPEG-4 videoconference traffic (e.g., in the ARD Talk
trace, the correlation of the B frames’ size sequence is always superior to the autocorrelation of the I frames’ size
sequence).
In [21,23] the authors use wavelet analysis to model the behavior of MPEG-4 video traffic. This approach is
used in [21] to show the self-similar behavior of MPEG traffic, and it is implemented on the whole trace. The detailed
analytical work in [23] models I, P and B frames separately, based on three MPEG-4 video traces. The use of wavelet
analysis by the authors to model I -frame sizes is shown to provide excellent results; however, in comparison to our
work, we find again the significant difference that I frame sizes are considered to follow a Gamma distribution.
The authors proceed with modeling P frame sizes based on a time-domain model which attempts to “capture” the
intra-GOP correlation between I and P frames (this correlation was first observed for MPEG-1 video traffic in [39]),
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and finally they model B-frames’ sizes with a lognormal distribution, based on their observation that the sizes of Bframes are relatively small compared to those of P frames and that the correlations between the B-frame and I -frame
sequences are much smaller than those between the P-frame and I -frame sequences. This, however, is not the case
in MPEG-4 videoconference traffic, as B frames have, on average, a size equal to 70%–80% of the P frames, and,
as shown from our results, their modeling with a lognormal distribution is not the best choice. Finally, although the
authors’ results in modeling the MPEG-4 traces are shown to be excellent, the fact that P-frames’ sizes are generated
based on the respective modeled I -frames’ sizes of each GOP, could lead, especially in the case of superposed traces,
to an unnecessary bad estimation of the P-frame size due to a mediocre modeling of the specific I frame (i.e., it could
lead to certain “chain mistakes”).
In [42,43], similarly to our work, the authors study the possibility of modeling MPEG-4 videoconference traffic
(from [25,26]) with autoregressive models. Among the traces studied by the authors, three are also used in our study,
namely “Lecture Room Cam”, “ARD Talk” and “Office Cam” (however, for the latter trace they use the low quality
coding version, whereas we use the high quality coding version for all traces); the most important difference with our
work is that in [42,43] the authors attempt to model single traces, not multiplexed traffic, and they do it by using a third
order autoregressive model. Despite the high computational complexity of the model (which is noted by the authors)
in comparison to the first order model used in our work for multiplexed traffic, the authors explain that the model
is still not sufficient in itself to provide a good fit for the actual trace; therefore a gamma distortion of the marginal
distribution function was required to derive a good fit with their approach.
Therefore, based on the very good results of our study in modeling P- and B-frames’ sizes of multiplexed MPEG-4
videoconference traffic, and the significantly lower complexity of our scheme in comparison to the above-mentioned
approaches, we feel that our approach is best for this type of traffic. However, since our modeling scheme clearly
overestimates I -frames’ sizes for multiplexed MPEG-4 videoconference traffic, the use of wavelet modeling for the
I -frames’ size sequence may provide a very competent solution, and our future work will be pointed towards this
direction.
5. Conclusions
Models of video traffic will prove very important in the immediate future, as networks will need to handle video
traffic competently (i.e., to guarantee its strict QoS requirements despite its burstiness). Hence, in this paper we
have investigated, for the first time in the literature to the best of our knowledge, the subject of modeling MPEG-4
videoconference traffic.
Initially, we have investigated the possibility of modeling single MPEG-4 videoconference traces with well-known
distributions. Our results have shown that the Gamma and lognormal distributions, which are considered the best
choice for modeling many types of video traffic and are used as the basis for many video models in the literature, are
not the most appropriate choice for modeling MPEG-4 videoconference traffic. This is the first significant contribution
of this paper.
We then proceeded to use the Pearson V distribution, which was shown to be the best fit among all the examined
distributions for single MPEG-4 videoconference sources, for all the video traces under study. Our approach was to
model separately the I, P and B frames of each trace, in order to achieve better modeling accuracy. Indeed, our results
have shown that this is a clearly better choice than modeling the whole trace; however, the behavior of videoconference
traffic can never be perfectly “captured” by a distribution generating independently frame sizes according to a declared
mean and standard deviation, due to the high autocorrelation of videoconference traffic. Hence, none of the fitting
attempts can achieve high accuracy. Still, important insight was gained from our results on modeling single MPEG-4
videoconference sources, as it led us to propose a new approach in order to “capture” the behavior of multiplexed
MPEG-4 videoconference movies from VBR coders; this is the second significant contribution of this paper.
Our approach, which is based on building a Discrete Autoregressive (DAR(1)) model, has been used in the past in
the relevant literature for multiplexed H.261 sources, but it is used for the first time for MPEG-4 traffic; we show, in
our work, that the different nature of MPEG-4 videoconference traffic compared to H.261 traffic demands the use of
three DAR models instead of one, as in the relevant work for H.261.
The subject of modeling multiplexed videoconference sources is especially significant, since wireless and wired
networks in the near future will need to handle a continuously growing number of superposed videoconference calls.
Based on our results and on comparisons of our new modeling method with other existing approaches, we have
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shown that our modeling approach provides very accurate results in modeling P and B video frames’ sizes, but
moderately accurate results in modeling I frames. We have also discussed relevant approaches for MPEG-4 video
(not videoconference, which has much higher autocorrelation) modeling; we have explained our scheme’s advantages
in comparison to them for videoconference traffic, and we have discussed how, with a combination of our modeling
approach with another approach, used for MPEG-4 video modeling, the moderate accuracy of our scheme in I -frames’
size modeling may be overcome.
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