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Abstract 
Variable Bit Rate (VBR) video traffic is expected to become one of the major traffic sources 
for high-speed networks. Although the modeling of VBR video sources has recently 
received significant attention, there is currently no widely accepted model which lends itself 
to mathematical analysis. This paper addresses the problem of characterizing the traffic gen
erated by VBR video applications. Specifically, we define an analytically tractable model 
for the traffic generated by an MPEG-1 encoder. An extensive validation of this model is 
carried out by analyzing its suitability to capture the statistical behavior of a wide variety of 
MPEG-1 sources ranging from movies, sports events, talk shows, etc. We show that our 
model, with an adequate tuning of its parameters, is able to provide an accurate representa
tion of these different kinds of MPEG-1 sources. 
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1 INTRODUCTION 

Recent technological advances in fiber optics and switching systems have provided the tech
nological basis for the development of high-capacity Broadband-Integrated Services Digital 
Networks (B-ISDNs), which are capable of supporting transmission speeds of several hun
dred Mbps [1]. This enormous potential for fast and massive information transport should be 

W ark carried out in the framework of CNR coordinated projects " Gestione del traffico VBR in 
ambiente interconnesso-, and "Sistemi distribuiti real-time peril supporto di applicazioni multimeiali". 
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able to support not only the traditional data and voice services, but also a variety of new 
applications, including the transport of images, teleconferencing, moving video, and large 
volumes of interactive computer data. Asynchronous Transfer Mode (ATM) is the transfer 
technique for the implementation of such B-ISDNs, due to its efficiency and flexibility [I]. 

Although significant research effort has focused on the development of efficient informa
tion multiplexing schemes for the diversified B-ISDN/ATM environment, most of the prac
tical problems related to real-time applications remain unsolved and not addressed by the 
ATM Forum [1, 2]. 

Variable Bit Rate (VBR) video is currently by far the most interesting and challenging 
real-time application. A VBR encoder attempts to keep the quality of video output constant 
and at the same time reduces bandwidth requirements since only a minimum amount of 
information has to be transferred. On the other hand, as VBR video traffic is both highly var
iable and delay sensitive, high-speed networks (e.g., ATM) are generally implemented by 
assigning peak rate bandwidths to VBR video applications, and by using the residual band
width for non-real-time traffic. This approach may however be inefficient. To define band
width allocation schemes which provide an adequate QoS for VBR applications and 
minimize the wastage of bandwidth, the effects of the video applications on the network 
must be investigated. 

VBR video generates a traffic with complex characteristics which cannot be effectively 
described in terms of traditional traffic models. Developing accurate and analytically tracta
ble representation schemes for real-time traffic will provide a basis for the development of 
efficient multiplexing schemes and increased utilization of networking resources. 

While the modeling of VBR video sources has recently received significant attention [1, 
2, 4, 10, 11, 12, 13, 14], there is currently no widely accepted model which lends itself to 
mathematical analysis. Furthermore, new video compression standards, such as the MPEG 
family [7, 8, 15], are emerging. In this paper we focus on the MPEG-1 coding algorithm. 
The MPEG-1 standard specifies the coding algorithm for full motion video information with 
an output peak rate in the 1.5-2 Mb/s range. Starting from the analysis of the trace of the 
movie "Star Wars" encoded with MPEG-1 algorithm we propose an analytically tractable 
model [6]. In this paper we validate this model by analyzing its suitability to capture the sta
tistical behavior of a wide variety of MPEG-1 sources ranging from movies, sports events, 
talk shows, etc. The output of an MPEG-1 coder, depending on the class of traffic, exhibits 
a very different statistical behavior. Movies have, in general, a "heavy tailed" autocorrela
tion function, while, in TV sports and in "talk shows", the correlation disappears after a few 
seconds. We show that the "heavy tailed" behavior has a significant impact on the buffer
size statistics in ATM multiplexers. 

Our model, with an adequate tuning of its parameters, is able to provide an accurate rep
resentation of these different kinds of MPEG-1 sources. Specifically, by exploiting experi
mental results, we have identified a fitting procedure which provides a relationship between 
the behavior of a real source (mainly the tail of its autocorrelation function) and the model
parameter values which provides the best fitting of the source behavior. 

The paper is organized as follows: Section 2 presents the characteristics of MPEG-1 
sources relevant for our investigation. An MPEG-1 analytical model is described in Section 
3 and validated in Section 4. The tuning of the model is investigated in Section 5. 
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2 MPEG-1 VIDEO SOURCE 

An .uncompressed video source may generate bits at rates as high as hundreds of Mbps 
(Mega-bits per second); a few such sources could, in other words, occupy the entire network 
capacity that is available today. Data compression techniques are therefore employed to 
reduce the video source bit rate which is transmitted over the network. The resulting traffic 
is highly variable and dependent on the encoding scheme adopted and on the activity of the 
movie. 

VBR video is currently considered to be the dominant bandwidth-demanding real-time 
application for high-speed networks in the immediate future. Developing accurate and ana
lytically tractable models for this kind of traffic will thus provide a basis for the design and 
development of these networks. Before this can be done we need to fully understand the 
characteristics of the video source. 

2.1 MPEG-1 coding scheme 

MPEG-1 is a specification for coding moving pictures, developed by the ISO Joint Motion 
Pictures Experts group. The standard is well suited for a large range of video applications at 
a variety of bit rates. A combination of video and audio information, particularly for 
"movie" applications, can also be compressed. Typical compression ratios are in the range of 
50:1 to 200:1 [3]. The algorithm is asymmetrical; that is, it requires more computational 
complexity to compress video than to decompress it. Applications well suited for this are 
those that require the frequent use of decompression, but for which compression is only 
done once. A very good example of this is Video On Demand (VOD). 

MPEG-1 is an interframe coder. Coders in this class exploit, in addition to intraframe 
coding, the temporal redundancy between adjacent frames by predicting the next frame from 
the current one. A key feature that distinguishes MPEG-1 from previous coding algorithms 
is bidirectional temporal prediction. For this type of prediction, some of the frames are 
encoded using two reference frames, one in the past and one in the future. This results in 
higher compression gains. 

As indicated above, when applying MPEG-1 to video, one of three different coding 
modes can be used for each frame. The terminology used for the resulting frame is related to 
the mode used and is as follows: 

1-frame: intra frame coded, i.e. coded with JPEG. 
P-frame: predictive coded with reference to a past picture. 
B-frame: bidirectional predictive coded. 

1-frames provide access points for random access but only with moderate compression. Pre
dictive coded frames are also generally used as a reference for future B-frames. Type B 
frames provide the highest amount ofcompression but require both a past and future refer
ence prediction. In addition, B-frames are never used as reference frames. 

In the encoded sequence, as shown in Figure I, the frames are arranged into groups. In 
this case a group consists of 12 frames - one !-frame, three P-frames and eight B-frames. 
Figure I also shows the relationship between the frames. We can see that !-frames are inde
pendent, P-frames are predicted, and B-frames are bidirectionally predicted. 

6 
6 
6 
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Group of frames 

2 3 4 5 6 7 8 9 10 II 12 13 14 15 16 Frame 

Figure 1 A sequence of MPEG-1 frames and their relationship. 

2.2 Statistics of MPEG-1 coded movies 

Figure 2 shows a small extraction from the output of the MPEG-1 coded movie Star Wars 
released by M. Garret at Bellcore. Specifically, frames are coded into groups of twelve 
frames as defined in Figure 1 (i.e., the frame pattern is IBBPBBPBBPBB). 

As shown in Figure 2, the bandwidth required to transmit consecutive frames is highly 
variable and very much depends on the frame types, I, P and B. Furthermore, as expected 
(due to the coding scheme algorithm) the shape of the output is repeated every twelve 
frames. 
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Figure 2 Part of the MPEG-1 coder trace, revealing group length and frame pattern. 

Statistical analysis indicates that the output of an MPEG-1 encoder should be described 
by three partially correlated 1 submodels where each submodel describes the output process 
corresponding to one frame-type . This leads to a model with a very large state space. 

The model space complexity is reduced by avoiding a separate representation for the var-
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Figure 3 The aggregate sequence. 
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ious frame-types. Specifically, this is obtained by considering a different time scale, in 
which the time unit is the group (i.e., a sequence IBBPBBPBBPBB) and the bit rate per time 
unit is the sum of the amount of bandwidth generated by all the frames in a group. One 
group is in this case equal to 12 frames and each frame is generated every 1/24th second. 
The resulting sequence is hereafter named aggregate sequence. 
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Figure 4 Low frequency component of the aggregate sequence. 
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Figure 3 shows a plot of the aggregate sequence generated by an MPEG-1 coder with the 
Star Wars as a source. A time unit, on the x-axis, is equal to 0.5 seconds, i.e., a group inter
arrival. 

The bit rate of consecutive frames shows that the bandwidth changes in a rapid but bursty 
way. However there is also a slowly changing underlying structure. This low frequency 
underlying structure of the sequence can be better highlighted by passing the aggregate 
sequence through a moving average filter of length W. The result of this filtering process 

I. A precise analysis of the correlation between the three different subsequences is presented in [6]. 
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with a window size W=300 groups (i.e. two and a half minutes), is shown in Figure 4. These 
characteristics of the aggregate sequence can be highlighted better by observing its autocor
relation function. 
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Figure 5 Short range dependencies 

The autocorrelation function for the aggregate sequence is plotted in Figures 5 and 6, 
showing the short ( 0 :5: n :5: 30) and long range (n > 30) dependencies, respectively. Fig
ure 5 shows the existence of a strong short-range dependence for time lags below approxi
mately 30 groups, which corresponds to 15 seconds. In this range the autocorrelation 
function drops quickly (the autocorrelation with n = 30 is about 0.2). However, after this 
sharp initial decrease, as shown in Figure 6, it takes a very long time before the autocorrela
tion function drops to zero. Specifically, Figure 6 highlights the existence of a significant 
long-range dependence which lasts for time lags up to 3500 groups i.e., about 29 minutes. 
The tail of the autocorrelation function decreases slowly. Similar behavior of the autocorre
lation function have been observed in [15] for other sequences. 
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Figure 6 Long range dependencies 
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3 MPEG-1 MODELING 

Figures 5 and 6 show that in the aggregate sequence there are both short -range dependencies 
which last for around 20-30 groups (some seconds), and long-range dependencies which last 
for thousands of groups (some minutes). In order to capture both types of dependencies a 
bidimensional Markov chain { Lk, H k' k ~ 0 I is used, in which { Lk 1 k ~ 0 I is used to repre
sent the long term correlation, while { Hklk ~ 0 I represents the short term correlation. Spe
cifically, in our model the process { Hklk _ 0 I describes the bit rate per group of an MPEG-
1 encoder. To avoid unnecessary complexity (in the state space {Hklk~O}) we quantize 
the bit rate information into a number of levels. The number of quantization levels for the 
process { Hklk ~ 0 I will hereafter be denoted by N (i.e., Hk E { 0, 1, 2, ... , N- 1} ). The 
question of which quantization method should be used is not discussed here. For us it 
seemed natural to use uniform quantization. For this reason, let max and min denote the 
maximum and minimum bit rates observed in the aggregate sequence. The possible bit rates 
between max and min are quantized with a constant step size Ll = (max- min) IN, result
ing in the actual bit rate of the source equal to j · Ll + min where j is the quantization level 
holding the property 0 ~ j ~ N - 1 . 

To represent the low-frequency component of an MPEG source, a modulating process 
{ Lklk ~ 0 I is included in the model as well (Lk E { 0, 1, 2, ... , M- 1}) . The transitions 
in tlie Markov chain occur every time unit (i.e., a group interarrival), while the process 
{ Lk I changes its state on average only after 70-100 time units. 

The process we want to model now takes the form { Lk, Hk, k ~ 0 I , where 
Lk E { 0, ... , M- I} is the status of the low frequency process corresponding to the kth 
group, and H k E { 0, ... , N- 1} is the corresponding state in the high frequency process. 

The transition probabilities of the Markov chain, denoted by p ij. lm 

Pij.lm = P(Lk= l,Hk= miLk-!= i,Hk-I =j). (3.1) 

are estimated from an MPEG-I trace through the procedure reported below. To explain the 
procedure better we use { f 0, f 1, f 2, ... I to indicate the frame sequence in the original 
sequence. 

Procedure for the computation of transition probabilities p .1. 1 1. m 

I. Produce the aggregate sequence (high frequency sequence) { a0, a 1, a 2, ... } , where 
ai denotes the bit rate of the i-th group: 

11 

ai = L /J2i + r (3.2) 
j=O 

The number I2 refers to the group length used by the MPEG-I coder (see Figure I). 
2. Produce the aggregate filtered sequence (low frequency sequence) { a0, a1, a2, ... } , 

where a; denotes the bit rate of the i-th group in the filtered sequence. ai is obtained 
by passing the aggregate sequence through a moving average filter of length W: 

rwnl-1 
I 

ai = w L ai+rW12l+j' (3.3) 
j = -LW!2J 
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3. Quantize the high and low frequency sequences into M and N uniform levels respec
tively. Number the levels from 0 to M- 1 and from 0 to N- 1 . 

4. Using low and high frequency sequences, measure the 1-step transition probability 
matrix P consisting of 

where Lk is the kth element in the quantized low-frequency sequence, Hk is the kth 
element in the quantized high-frequency sequence, i,l E I 0, ... , M -1} and 
j, mE 10, ... , N -1} . 

The models presented throughout are obtained with parameters M=8 and N=8. In [6] we 
showed that these parameter values represent a good compromise between precision and 
complexity. 

Specifically, by applying the fitting procedure to the Star Wars sequence, our Markov 
chain has the transition matrix P shown in (3.4). Submatrices A;; of P represent the proba
bilities that the process does not change the low frequency level in a transition i.e., 
PI Hk = j, Lk = iiHk-t = l, Lk-t = i}. Submatrices Ai+ 1. i (A;_1) represent the prob

abilities that the process moves to the next (previous) low frequency level in a transition 
PI Hk = j, Lk = i!Hk-t = l, Lk-t = i + 1} (PI Hk = j, Lk = i!Hk-t = l, Lk-t = i -1} ). 

Aoo Aot 

AIO Au A12 

A21 A22 A23 0 

A32 A33 A34 
(3.4) 

A43 A44 A4s 

0 As4 Ass As6 

A65 A66 A67 

4 MODEL VALIDATION 

In this section we analyse the characteristics of the model to see whether it can imitate the 
behavior of "Star Wars". Table 1 outlines the basic statistics of the MPEG-1 Star Wars trace, 
where, "original" and "aggregate" indicate the sequences with the frame and the group as 
time units (see Section 2.2), respectively. Figure 7 plots the real source autocorrelation func
tion ( r(n)) and for four different models constructed with various moving average window 
lengths, W. Time lags used for the calculation range from 0 to 30 groups. The plot thus com-
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Table 1 Basic statistics for the MPEG-1 "Star Wars" movie. 

Measure Original Sequence Aggregate Sequence 

Mean bandwidth, J.l 15598 bits/frame 187185 bits/group 

Standard deviation, a 18165 bits/frame 72468 bits/group 

Coefficient of variation, J.il a 1.16 0.39 

Peak bandwidth 185267 bits/frame 932710 bits/group 

Minimum bandwidth 476 bits/frame 77754 bits/group 

Peak/mean bandwidth 11.88 4.98 

pares the short-range dependence of the real source, and different parametrizations of the 
model. The model constructed with W = 20, has a stronger short-range dependence than 
the real source. It has, however, a faster decay. Even if r(n) of the model is still above the 

Real source W=60 

0.8 

-~ 0.6 

J •. 
0.2 

0 
0 5 10 IS 20 25 30 

Time lag (Groups) 

Figure 7 Comparison ofthe real source's and the model's short-range dependencies 
(M=8,N=8). 

real source one for a time lag equal to 30 groups, the difference is smaller than for n = 10 . 
As the value of W is increased, the autocorrelation function of the model tends to fall off in 
the beginning but it decreases more slowly. The model with W = 40 is a good example to 
emphasize this behavior. For n less than 7, the short-range dependence ofthe model takes 
on values lower than the real source. For time lags beyond this point, the plot shows that 
r(n) of the model decays more slowly than for the real source. The autocorrelation functions 
for models constructed with W = 60 and W = 80 follow the same pattern. 

We know that the long-range dependence ofMPEG-1 coded VBR video is very strong. 
Figure 8 compares the autocorrelation function of the model and the real source for time 
lags ofO up to 2000 groups. Several values of Whave been used. A model constructed with 
W = 100 has a long-range dependence which is not as strong as that of the real source for n 
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Figure 8 Comparison of the real source's and the model's long-range dependence. 

greater than 100. It also reaches zero at a time lag approximately equal to 1100, which is 
much earlier than in the real source. r(n) for the other models plotted in Figure 8 tells us that 
the long-range dependence of the model tends to get stronger, and thus approaches the real 
source, as W is increased. For example, a model constructed with W = 300 matches the 
long-range dependence of the real source better than if it is created with W = 200 . At the 
same time we know, from the previous subsection, that a higher value of W implies a weaker 
short-range dependence. 

4.1 Importance of the Long-Term Dependencies 

In the previous section we have shown that our model, depending on the setting of the W 
parameter, is able to precisely capture either short- or long-range dependencies. In this sec
tion we investigate the importance of both type of dependencies in the study of the statistical 
multiplexing. Specifically, the aim of this analysis is to study the smoothing in the traffic 
profile obtained by the superposition of several VBR video sources depending on the type of 
correlations existing in traffic. 

Mutliplexing of VBR video sources is complex, as these applications have low tolerance 
towards network congestion. Although sufficient buffer capacity may be available, exces
sive buffering may not be possible, due to the resulting unacceptable delays. In this section 
we therefore investigate the queueing time distribution experienced by VBR video traffic as 
a function of the bandwidth reserved for each source. As shown before (see Table I), the 
peak rate for our MPEG source corresponds to a bandwidth level equal to c=7, while the 
average is about bandwidth level equal to 0.53. Below we investigate the delay experienced 
by VBR video traffic by assuming that the bandwidth allocated for each source is about 
twice the average, i.e., c=l. The results reported in Figure 9 were obtained by studying via 
simulation the queueing delay distribution in a single server queueing system with a deter
ministic service time, FIFO, and input traffic generated by s independent and identically dis-

12 
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Figure 9 Tail of delay distribution, c= 1.0 

tributed MPEG-1 sources. Note that we use our analytical model to study the statistical 
multiplexing problem as from a single real trace is impossible to obtain reliable statistical 
estimates. Furthermore, identically distributed sources can not be obtained by using different 
traces.2 On the other hand our model can provide the number of i.i.d traces required to 
obtained statistics with· the desired precision. 

Figure 9 shows that a 53% network utilization and acceptable delays can be achieved if at 
least eight sources are multiplexed. In addition, the figure clearly indicates that the tail esti
mated with W=20 is extremely underestimated in the region (1E-04,1E-02). These results 
show that the long term correlation affects significantly the tail of the delay distribution also 
for lightly loaded network (e.g. network utilization in the order of 50%). Partially neglecting 
it (W=20) induces optimistic estimates with errors in the order of 100%! These observations 
have been confirmed by the extensive analysis presented in [6]. 

4.2 Model Validation by exploiting other MPEG-1 sources 

In this section we extend the validation process by analyzing the suitability of the model for 
capturing the statistical behavior of other MPEG-1 sources. Specifically, we consider a wide 
variety of sources ranging from movies, sports events, talk shows, etc. The traces related to 
these sources, encoded with MPEG-1 algorithm with the parameters reported in Table 2, 
were released by 0. Rose [10]. 

We measured the autocorrelation function of several real traces, and we realized that it is 
highly variable and depends on the kind of video sequence. We have identified two extreme 
cases: movies and sports events. The differences between the two classes are highlighted by 
Figures 10 and 11. Specifically, the sports events have an autocorrelation function that 
drops to zero in a few seconds (see Figure 10), and then osciilates around zero. 

2. The distribution of the number of bits per groups highly depends on the movie. 
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Table 2 : Encoder parameters 

Encoder input 

Colour format 

Quantization values 

Pattern 

GOP size 

Motion vector search 

Reference frame 

Slices 

Vector I range 

384 X 288 pel 

YUV ( 4:1:1, resolution of 8 bits) 

1=10, P=14, B=18 

IBBPBBPBBPBB 

12 

'Logarithmic' I 'Simple' 

'Original' 

1 

Halfpell 10 

Formula I car race ···················· A TP Tennis 

20 40 60 80 100 120 140 160 180 200 
Time lag (Groups) 

Figure 10 Autocorrelation function for sports events. 

On the other hand, movies have a heavy tailed autocorrelation function. As shown in Fig
ure 11, in ~Terminator IT", the correlation between frames disappears after about 40 seconds 
(80 groups) while up to 4 minutes (500 groups) are necessary to lose the correlation in 
~Jurassic Park". Note that the precision on the estimates of the autocorrelation is affected by 
the relatively small size of the samples (30 minutes).3 This limited amount of data is respon
sible for the oscillating behavior of the tail of the autocorrelation function. 

We now investigate the model's flexibility and effectiveness in capturing the behavior of 
the various real sources. For this reason we plot, in a graph for each trace, the autocorrela-

3. It is worth recalling that the autocorrelation function of the "Star Wars" movie drops to zero very slowly, in 
about 30 minutes. Note that the trace of this movie was related to two hours of video (the whole movie) and 
thus the estimated tail has very small fluctuations, whereas the new available traces last approximately half an 
hour and fluctuations in the order of 0.1 make it almost impossible to analyze the tail of the autocorrelation 
below this value. 

14 
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Figure 11 Autocorrelation function for Movies. 
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tion function of a real source together with the autocorrelation obtained from the model 
tuned with different window size values, W. As shown before, short- or long-range depend
encies can be emphasized by varying the parameter W. The analysis on statistical multiplex
ing presented in the previous section showed that the long-term correlation significantly 
affects the tail of the delay distribution. Partially neglecting it leads to optimistic estimates 
with errors in the order of 100%. For this reason, below we primarily focus on capturing the 
tail of the long-term correlation. 
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Figure 12 Comparison of the real source's and the model's autocorrelation function for a 
"Formula-1 car race". 
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Dependencies between frames in sports events last for a few seconds and are well cap

tured by a filtering with a very small W. Figure 12 clearly indicates that the W=2 seems to be 

the best solution for the "Formula-! car race" trace. 

Figure 11 shows example of movies (i.e., "The Silence of the Lambs" and "James Bond: 

Goldfinger") for which the tail of the autocorrelation functions, quickly go down to zero 

(i.e., the slope of the tail is high). In these cases the low frequency components are captured 

very well by the model using small window sizes. For example, as shown in Figure 13, 

0.8 

" 0.6 

·i 
] 0.4 

~ 
E 0.2 < 

0 

-0.2 

0 

Figure 13 

--- Real source W= 15 
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Time lag (Groups) 

Comparison of the real source's and the model's autocorrelation function for 
the "The Silence of the Lambs". 

W=15 provides the best fitting for "The Silence of the Lambs". A similar behavior can also 

be observed for the "James Bond: Goldfinger" trace for which we identified W=60 as the 

best window size. 

"Terminator II" and "Jurassic Park", on the contrary, have a slower decrease in the tail of 

the autocorrelation functions.4 We consider that "Terminator II" has a slow autocorrelation

function decay because, although it goes down to zero in about 40 seconds, it begins the sec

ond part of the decay starting from a value of autocorrelation equal to 0.15, so that the slope 

of the tail of the autocorrelation function (that we are interested in) is very low. 

As expected, big window sizes are needed to capture the low-frequency component of 

"Terminator II" and "Jurassic Park". Specifically, as shown in Figure 14, the model with 

W=340 fits well the tail of the autocorrelation function of the "Jurassic Park" trace, except in 

the middle where it has a slightly lower value of autocorrelation. Similarly, W=300 is identi

fied as the best window size for "Terminator II". 

4. In these cases, however, the fluctuations in the tail of the autocorrelation (computed by a "limited~ amount 
of real data) makes it difficult to find the best window sizes. 

16 
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Figure 14 Comparison of the Real source's and the model's autocorrelation function for 
the movie "Jurassic Park". 

5 MODEL TUNING: CHOICE OF THE W PARAMETER VALUE 

The analysis presented in the previous section shows that 
1. Depending on the type of source (e.g., sports events, movies) the autocorrelation func

tion of the sequence completely changes: the low-frequency component is always sig
nificant in movies while it is almost negligible in the sports events. 

2. Sources of the same type may have significant differences. For example, in the movies 
considered in this work, frames become almost independent after 40 seconds for "The 
Silence of the Lambs", while positive correlations still exist after 10-20 minutes in 
"Star Wars". 

We can thus conclude that neither a general model exists for MPEG-1 sources nor a single 
model can be defined to characterize (at least) one type of MPEG-1 sources (e.g., movies). 
The target for MPEG-1 modeling is therefore to define a set of rules to identify, for each 
MPEG-1 source, the best choice of model-parameter values to capture (as much as possible) 
the behavior of the source. We have identified this set of rules in the steps 1.-4 on page 10 
of the fitting procedure presented in Section 3. However, the model parameter Wvery much 
depends on the source. Identifying the relationship between a real source and the best win
dow size W to capture the tail of its autocorrelation function is still an open issue. In the 
analysis presented in this work the relationship between the real source and the best W value 
seems to depend on the slope of the autocorrelation function. Roughly speaking, the auto
correlation function presents two behaviors: a fast decrease in the first frames (e.g., 20-30 
frames) and a slower decrease in its tail. A first-order estimate of this behavior can be 
obtained by fitting each of these portions with a straight line and then approximating the 
speed in the decrease of the autocorrelation function with the slope, m, of its fitting (straight) 
line. 

As we are mainly interested in capturing long-term correlations, below we apply this 
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approach to estimate for different movies the decay speed in the tail of their autocorrelation 
functions. Figures 15, 16 and 17 show the fitting line and the tail of the autocorrelation 
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Figure 15 Slope of the "The Silence of the Lambs" autocorrelation. 
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Figure 16 Slope of the "Jurassic Park" autocorrelation. 
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Figure 17 Slope of the "Star Wars" autocorrelation. 
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function for three different movies ("The Silence of the Lambs", "Jurassic Park", "Star 
Wars") which exhibit short-, medium- and long-term correlations, respectively. In addition 
each graph reports the equation of the fitting line. 

If we considers the various type of movies, we note that as the slope increases the best 
window size decreases. For example, for "The Silence of the Lambs" m is in the order of 
-2.5 x lOE-03 and W = 15, for "Jurassic Park" m "'-2.4 x IOE-04 and W = 340, and 
finally, for "Star Wars" m "'-7.4 x IOE-05 and W = 400. These results indicate that as the 
slope increases the best window size value decreases, but we still need to provide a mathe
matical formulation for this relationship. 

By plotting the pair of values (m, W) for the different movies, and by fitting these points 
with a hyperbolic function (see Figure 18) we have identified a heuristic rule: 
m x W "' constant. Hence, we can use the function shown in Figure 18 to identify the best 
window size for a given source. 

6 SUMMARY AND CONCLUSIONS 

Modeling VBR video is a difficult task due to the complex statistical characteristics of this 
type of traffic. In this paper we have considered the modeling of an MPEG-1 source. 

We have presented a Markov model which with an adequate tuning of its parameters 
(mainly the window size), is able to provide an accurate representation of different kinds of 
MPEG-1 sources. Specifically, the sources considered in this work can be, at least, subdi
vided into at least two groups: movies and sports events. Dependencies between the frames 
of movies disappear after minutes, while dependencies in sports events only last for seconds. 
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Figure 18 Relationship between the slope of the autocorrelation function, m, and the 
window size W 

Sharp differences also exists among movies (see Figure 4). 
We have shown that, at least for statistical multiplexing studies, the tail of the autocorre

lation function (i.e., long-term correlations) cannot be neglected. Thus it is impossible to 
produce a unique characterization of MPEG-1 sources. In fact, depending on the type of 
source (e.g., sports events, movies) the autocorrelation function of the sequence completely 
changes. In addition, sources of the same type may have significant differences. 

We have presented and validated an approach to produce a precise model of a given 
MPEG-1 source. The main problem in applying our model is the selection of the window 
size; the various behaviours of the sources make it impossible to find a single window size 
for all the cases. Thus we have identified a heuristic rule to overcome the window-size selec
tion problem. Our heuristic is based on the observation that the product of the best window
size value and the decay speed of the autocorrelation function is almost independent of the 
movie. 
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