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ABSTRACT

MPEG-2 VIDEO TRAFFIC MODELS AND THEIR IMPACT ON NETWORK

PERFORMANCE

by

CHRISTOPHER AMO-QUARM

A d v iser : P r o fe sso r  ICallappa Ravindran

Variable Bit Rate (VBR) video traffic, arising from scene changes, demonstrates long 

and short term correlation among consecutive frames. Proper traffic models able to 

capture such traffic characteristics have attracted the attention of researchers in the area 

o f traffic engineering and their impact on network performance. Some o f  the models 

have captured scene changes which lead to bursty traffic. Others have captured 

correlation not only between frames but between Group of Picture (GOP). Proper traffic 

models can be used to synthetically generate traffic, which can be used as inputs to 

networks for performance studies on parameters such as cell loss and cell delay, etc.

Our first contribution is an improved Autoregressive Model which takes into account 

the periodicity in the GOP structure. A GOP starts with an intracoded frame (I- 

frame). After every 15 frames (in our case), an I -frame is generated. This is then a 

period of IS, and it repeats itself throughout the video sequence. The Autoregressive 

process has been used in existing works to model the Mpeg video traffic that attempts 

to capture the frame correlation as well as the gaussian shape o f the bit rate variation. 

However, the autoregressive process alone does not capture scene changes. We 

propose an Autoregressive model o f order P, AR(P) + LAP (Interrupted
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V

Autoregressive Process), to capture scene changes. We compare the model 

performance to that of the actual video trace, as well as the autoregressive process 

without scene changes. We have carried out a performance analysis of a Network 

Multiplexer with this new input stream.

Our second contribution, is in characterizing a relation between Correlation and 

Effective Bandwidth. Effective capacity as a function of correlation in several moments 

of video clips demonstrates interesting behavior. In several cases of analysis and 

measurements, it is observed that depending on the parameters of the source, effective 

capacity may be below or above the steady state value. Knowledge of the source 

parameters will aid network designers to better estimate bandwidth needs, particularly, 

in the transient time interval. Hence, attention has been given to such behavior and we 

have tried to explain the implications.
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1. INTRODUCTION

Today, as never before, communication networks are being designed to support 

bandwidth-hungry applications, such as video, image, voice, data, and high definition 

television (HDTV). There is. therefore, the need for proper traffic models to realize, and 

to transport such data over networks such as Asynchronous Transfer Mode (ATM) with 

the desired performance. In the video arena, the Motion Picture Expert Group-2 (Mpeg- 

2) is the international standard of video compression. These compression techniques 

lead to minimizing storage capacity or bandwidth, measured in bits per second. What 

determines the bit rate of compressed video is scene complexity, picture format, and 

constraints such as Quality, Delay, and Encoder complexity and algorithm, as well as 

noise.

Mpeg-2 Variable Bit Rate (VBR) video traffic consumes large bandwidth. Proper 

traffic models which are able to capture such traffic characteristics have attracted the 

attention of researchers in the area of traffic engineering and network performance. 

Some of the models have captured scene changes that lead to bursty traffic. Others have 

dealt with correlation not only between frames, but also between Group of Pictures 

(GOP). Other traffic models have captured self-similarity (long-range dependency) 

inherent in video traffic. As of yet, no particular traffic model has been obtained that 

captures all the traffic characteristics.

Since correlation, both intra-stream and inter-stream, impact system performance, an 

analytical model that captures a relation between correlation and effective capacity
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should help network engineers to properly allocate bandwidth. In the past, effective 

capacity calculations have assumed independent sources. These models did not deal 

with correlated sources. The effective capacity has therefore been the sum of the 

effective capacities from independent heterogeneous sources. The impact of the 

independent traffic model without considering correlation leads to losses among other 

performance measures. Incorporating the effect of correlation will reduce losses, and 

allow capturing its impact on the quality of service. Our work on Mpeg-2 variable bit 

rate has factored in the effect of correlation both autocorrelation and cross-correlation.

Variable-bit-rate (VBR) video traffic also exhibits burstiness. Figure 1.1 shows a 

typical bit rate as a function of time. Different compression algorithms exhibit different 

bit rate characteristics, but all are of this general form[l]. Several characteristics are 

worthy of notice. First is the relatively slow variation of the bit rate of transmission. A 

second characteristic is that the bit transmission rate is found to increase dramatically 

for a brief interval of time (1-2 frames) and then drop down to a more normal range. 

This is attributed to scene changes, with correspondingly large changes in the picture 

content. The coder then takes a brief interval of time to adapt to the change and resume 

its normal compression process. Such scene changes may occur anywhere from 100-150 

frames, and even more apart. Video signals, despite the heavy compression, typically 

manifest high correlation from frame to frame (most often the frame contents do not 

change very much from frame to fiame). A typical correlation (similarity) measure is 

10-20 frames corresponding to 300-600 msec.
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Figure 1.1: Typical compressed video bit rate

Mpeg VBR traffic leads to constant image quality, since any possible degradation in 

quality due to scene changes are correspondingly compensated for with the encoder's 

generation of more bits. Additionally, because of its bursty nature, output channel 

could be under utilized during the burst period, leading to waste of bandwidth. Proper 

scheduling can lead to maximum use of bandwidth leading to statistical multiplexing 

gain. This though, can make network design and management difficult to perform. 

Effective design and performance analysis depend on accurate modeling of the traffic. 

VBR video sources are important from a modeling perspective, because they can 

represent a variety of data source behaviors. The modeling exercises are demanding 

because of the randomness in the rate fluctuations, and the statistical dependencies of 

rates over time, as well as their complex generation scheme (coding algorithm).
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Existing models based on Markovian structures have been widely used to statistically 

approximate VBR video traffic. All these models have in common an asymptotically 

exponential decay of the autocorrelation function and a rapidly decaying marginal 

distribution tail. Further, they lack a systematic way of simultaneously fitting both the 

empirical marginal distribution and the autocorrelation function. Recent extensive 

measurements of real traffic data, have led to the conclusion that VBR video traffic 

cannot be sufficiently represented by the traditional models, but instead can be more 

accurately matched by self-similar (fractal) models [2]. The crucial feature of self­

similar processes is that they exhibit long-range dependency (LRD). that is their 

autocorrelation function decays less than exponential and is non-summable. This is in 

contrast to the traditional stochastic models, all of which captures short range 

dependency (SRD), i.e. they have an autocorrelation function that decays exponentially 

(or faster). The serious implication for network design is that, results based on 

traditional models may not be applicable under self-similar traffic. Recent studies on 

self-similar traffic have shown that LRD structure may have a significant impact on 

queueing performance in networks [2]. Because of possible network performance 

issues, it is important to study the characteristics of multimedia traffic.

The main characteristics of multimedia are related to “synchronization” which 

assures a temporal order of events. A multimedia stream is therefore characterized by 

multiple data streams related to each other by means of proper time relationships. 

Although several models have been proposed to define synchronization properties, 

analytical paradigms for multimedia synchronized traffic have not been adequately 

developed. The main difficulty in defining an arrival process for modeling multimedia
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traffic is concerned with the mutual dependence of the monomedia components model. 

For this reason, in fact, the independence hypothesis which several models for mixed 

traffic [3-7] are based on. is not valid for multimedia sources. In particular, the auto-and 

cross-correlations have to be taken into account.

Analytical paradigms have been proposed for modeling multimedia source and 

modeling of the arrival processes as a superposition of a number of heterogeneous 

correlated arrival processes. There still remains an investigation of long-range 

dependency on resource allocation, particularly bandwidth. Of more interest will be an 

analytical model that captures overall correlation among the traffic sources and 

Effective bandwidth in networks.

Current works have investigated different types of models in the context of ATM 

networks. Among those models, a Markov-modulated Poisson process (MMPP) 

proposed by Heffes and Lucantoni [8] is well known. The MMPP captures stochastic 

characteristics based on Poisson processes. Hence, it allows the exact queueing 

theoretic analysis for the calculation of performance measures such as cell loss 

probability, cell transmission delay, and so on. However, the MMPP is not capable of 

representing the autocorrelation of a traffic, which is a measure of burstiness.

In the area of traffic engineering, it is important to specify the specific control point 

in a video transport system at which we apply our model. Figure 1.2 represents a video 

transport system with two main phases: 1) encoder phase and 2) the scheduler phase.
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In figure 1.2, a periodic sampling of the output of a video encoder generates a VBR 

stream at fixed durations. These are then buffered, and transmitted over the output link 

at a constant rate, Rp, but different transmission times by the network scheduler.

(point of application of our model)

\ X  Output lii^BufferEncoder

bit ratebit rate

time time
(a) (b)

Figure 1.2: System transport Architecture a) Encoder and b) Scheduler phase
(Fixed Rate)

Traffic engineers have modeled the variable bit rate (VBR) at the encoder phase by 

various traffic models such as the Autoregressive model (AR), self-similar model, etc. 

Some of these models capture the autocorrelation between successive frames, scene 

changes, and the long-range dependency. We have modeled the video source at the 

scheduler phase of the transport system. Figure 1.3 shows the scheduler phase. The 

buffered VBR traffic is transmitted over a constant rate transmission line with variable 

on/off times. The *on* periods are the transmission times and the *ofF periods are the 

off times before the next transmission. Notice that when a buffer is added, an inevitable
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delay is introduced as a consequence. Figure 1.3b shows the delay. This delay adds to 

the delay that is encountered at the decoder because of rearrangement of frames for 

playback. To combat this additional delay, the scheduler at the decoding end may need 

to accommodate this additional delay when playing out the video frames.

Converting Variable Bit rate to variable on/off times

output of scheduler 

1.0

0.3 1.9 2.1 3.4 4.1 5.9 6.1
Time

( a )
output of encoder

8.2 8.3 11.05

1.0
1.5 1.6

1.25T
I .-lr 

1.0
0.8 Delay

0 I 3 4 5 6 7 8

Time
( b )

Figure 13: a) variable on/off tunes in scheduler b) output of encoder (discretized
view)

Notice that the area covered in both graphs are the same, and there is a slight 

shift in time in the scheduler phase for framing packets. This video transport 

architecture will be referred to in chapter 6 of this thesis.
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This thesis has been organized as follows: chapter 2 describes the sources of 

variability in Mpeg-2 video traffic. Variability in the bit rate has an effect on the auto 

regressive model, and does affect bandwidth allocation. Chapter 3 describes the 

statistical analysis of Mpeg-2 video traffic. The statistical analysis also covers the 

distributions of the three picture formats, namely the I. P, and B frames, the correlation, 

and long-range dependency. The distributions of these picture types play a key role in 

the formulation of the ‘Improved Autoregressive Model.’ Related works in the area 

video traffic modeling are discussed in chapter 4. Chapter 5 provides an improved AR 

model, along with analytical results that show the superior performance of our model in 

terms of loss rate. Chapter 6 provides a model that takes into account the effect of 

correlation when calculating bandwidth. It also discusses the effect of short and long- 

range dependency, as well as burstiness. on bandwidth allocation. In chapter 7. the 

observation that effective capacity can be below or above the steady state capacity, is 

discussed and the notion of effective capacity switchover is introduced. Chapter 8 

provides a model that takes into account the effects of correlation from various sources. 

In chapter 9, we draw various conclusions, and further works. This chapter also restates 

our contributions.

We have briefly mentioned, at a high level, the various traffic models that 

researchers have used to model variable bit rate video traffic. Now we move to treat in 

detail the sources of variability in the Mpeg-2 traffic in chapter 2.
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2 . SOURCES OF VARIABILITY IN MPEG-2 VIDEO TRAFFIC

To properly model this class of traffic with its variability, it is important to 

understand what gives rise to such variability. This will aid traffic engineers to better 

understand the complexity involved in the modeling process.

2.1. Mpeg video compression and coding

The compression algorithm of Mpeg-2 leads to variability in the bit rate behavior 

rather than a constant bit rate [1.9]. The variable bit rate behavior compounded by 

the randomness in the network behavior makes the problem of managing video traffic 

in the network intractable. Since video is a sequence of still images, it is possible to 

compress or encode a video signal using techniques similar to the Joint Picture 

Expert Group (JPEG). Such methods of compression are called intra-frame coding 

techniques. Each frame of video is individually and independently compressed or 

encoded. Intra-frame coding exploits the spatial redundancy that exists between 

adjacent pixels of a frame.

As in JPEG, the Mpeg-2 intra-frame video coding algorithms employ a Block- 

based two-dimensional Discrete Cosine Transform (DCT). A frame is first divided 

into 8x8 blocks of pixels, and the two-dimensional DCT is then applied independently 

to each block. This operation results in an 8x8 block of DCT coefficients in which 

most of the energy in the original block is typically concentrated in a few low- 

frequency coefficients. A quantizer is applied to each DCT coefficient that sets many 

of them to zero. This quantization is responsible for the lossy nature of the 

compression algorithm. Compression is achieved by transmitting only the coefficients
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that survive the quantization operation, and by entropy coding (Huffman coding) their 

runs and amplitudes [ 9 ]. Figure 2 .1 shows how' the bit stream for one block of a still 

image is generated. The degree of motion and complexity of picture dictates the 

number of bits in a block.

ta i4*M9ini«isf«aiH 
m i isnu m m ia ia im ta ia m§ wi »a ta ia ta ia mi ta m m ta ia «a «a iaMi ia ia ia m ia
111 Ml Ml Ml Mi IP  117 I lf  
l«  M l Ml Ml Ml 19117 117 
t a t a i t i M i t a  l a m i a

DCT
a i  .1413.1 u 21-1771 l i•*28l?.S I j  U lfA l 141 j 
•WI Ml IM IS 8 4 4 8 4 8 4 I  
•71 I I 8.2 IS 8841 0882  
4 8 -8 1  IS 1841478813  
18 41  I.84S8S IS 18-18 

■IS 4 4  43-tS4S  1.7 1141 
4 8  1.8 4.1-IJ 1.9 1.24844

Quantisation -

Run-Lcngth Coding — ♦  mm. ( t  J l f - a  f t i ) H L  (O .D (-i) . (O .t)(-1). (2.1)( i ) .  (0.U
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Figure 2.1: Generation of variable # of bits with Inter-frame Coding

The quality achieved by intra-frame coding alone is not sufficient for typical video 

signals at bit rates around 1.5 Mbps. Therefore, inter-frame coding techniques are used 

to reduce the temporal redundancy which results from a high degree o f correlation
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between adjacent frames. Mpeg uses a combination of JPEG (Joint Picture Expert 

Group), (ISO( 199 L)) and H.261 video conferencing standard(CClTT( 1990)). The H.261 

algorithm exploits this redundancy by computing a frame-to-frame difference signal 

called the prediction error. In computing the prediction error, the technique of motion 

compensation is employed to correct the prediction for motion.. A block-based 

approach is adopted for motion compensation, where a block of pixels, called the target 

block, in the frame to be encoded, is matched with a set of blocks of the same size in the 

previous frame, called the reference frame. The block in the reference frame that best 

matches the target block is used as the prediction for the latter, i.e., the prediction error 

is computed as the difference between the target block and the best matching block.

This best-matching block is associated with a motion vector that describes the 

displacement between it and the target block. The motion vector information is also 

encoded and transmitted along with the prediction error. The prediction error itself is 

transmitted using the DCT-based intra-frame encoding technique summarized above.

In Mpeg video, the block size for motion compensation is chosen to be 16x16 pixels, 

representing a reasonable tradeoff between the compression provided by motion 

compensation, and the cost associated with transmitting the motion vectors. Pictures 

coded using forward prediction are called P-pictures. Thus. Motion Compensation 

vectors and prediction errors encoded and transmitted instead of the original pixel 

information, imply less information transmitted. For high activity movies with lots of 

scene changes, the prediction error can be high leading to more bits to be encoded. For 

low activity movies with few scene changes, the prediction error will be relatively low 

leading to fewer bits to be encoded.
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Bidirectional prediction provides a number of advantages. The primary one is that 

the compression obtained is typically higher than that obtained from forward prediction. 

To obtain the same picture quality, bidirectionally predicted frames can be encoded 

with fewer bits than frames using only forward prediction. However, bidirectional 

prediction introduces extra delay in the encoding process since frames must be encoded 

out of sequence.

The Mpeg encoder encodes scene changes with more bits leading to variable bit rate. 

What else determines the variability in bit rate? Several factors such as scene 

complexity, picture format, constraints such as quality, delay, encoder complexity and 

algorithm, and noise.

2.2. Summary

In this chapter, the Mpeg video compression and coding techniques that lead to 

variability in the bit rate were discussed. The effect of scene changes on the encoder 

was mentioned. The effect of scene complexity, picture format, algorithm, and noise on 

the bit rate were described. To help with an appropriate model to use, the statistical 

nature of the various picture formats, such as the I. P. and B frames must be studied. 

This leads us to chapter 3 about the statistical analysis of Mpeg video traffic.
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3. STATISTICAL ANALYSIS OF MPEG-2 VIDEO 

TRAFFIC

Traffic models obtained by several researchers, as well as our proposed 

improvements, depend upon the understanding of the statistical nature and 

characteristics of this kind of traffic. Hence, a fair amount of time will be spent on 

understanding the statistical characteristics, such as distribution of the individual 

frames, and the distribution of the GOP sizes. Correlation effect and long-range 

dependency will also be discussed.

3.1. Frames and GOP statistics

The various traffic models addressed in chapters 4 and 5 of the thesis, depend upon 

an understanding of the statistical nature of the three frame types, namely: Intracoded 

(I-frames). Predictional (P-frames) and Bi-directional (B-frames).

First, we introduce the MPEG-2 encoded sequences used for our statistical analysis 

in table 3.1. Simple statistics are provided such as moments and peak-to-mean ratios for 

both the frame sizes and the GOP sizes, where the GOP size is the sum of frame sizes of 

one GOP (see table 3.2). We fit model distributions to the frame and GOP size 

histograms and analyze the correlations of both the frames and GOPs. Table 3.2 shows 

the mean values, coefficient of variation (COV). and the peak-to-mean ratios of the 

frame and GOP sizes. In section 3.2. we discuss the distributions of the three frame 

types and the GOP sizes.
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Table 3.1: Overview of 11 encoded sequences

I ) Batman batman 2) Tomorrow never dies - -Indies

3) Eric Clapton clapton 4) Phenomenon, by John Travolta travolta

5) West 54th w54 6) Silence of the Lambs----  lambs

7) Wizard of Oz — oz 8) Gone with the wind- wind

9) The twister -twister 10) The Fugitive----------------- fugitive

11) The mask of zorro-------------- zorro

3.2. Distributions

Figures 3.1 and 3.2 show the frame size histograms of the I P and B — frames of 

Zorro and Clapton sequences respectively. The shapes of the curves indicate that the I- 

frames may be approximated by a normal probability density function, whereas the P -  

and B -  frames have a histogram resembling a lognormal probability density function. 

Gamma or lognormal distributions are commonly suggested to model the frame and 

GOP sizes of MPEG video sequence [10].

For the probability density function fitting, we used QQ plots. QQ plots is a 

statistical method to assess whether data have a particular distribution, or whether two 

data sets have identical distributions. If the distributions are identical, then the plot will 

be linear (see appendix ). The frame and the GOP size histograms of almost all traces 

can be well approximated with lognormal probability density functions [10], Only for a 

small number of I frame histograms, both normal and lognormal probability density
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functions lead to a reasonable approximation accuracy. For illustration, we show the 

QQ plots for the Zorro I -  frames and the Zorro GOPs in the appendix .

To sum up, lognormal probability density functions are adequate model 

probability density functions for both frame and GOP sizes of VBR MPEG video 

sequences. This observation is one of the motivations for our traffic models.

Quantization = 8

Table 3.2: Simple Statistics of the encoded sequences

Sequence Frames GOPs

Mean
[bytes]

CoV Peak/Mean Mean
[bytes]

CoV Peak/Mean

Batman 2391 0.5756 7.6689 25466 .2382 3.2825

Indies 1757 0.6134 5.6515 26376 0.3191 2.7636

Clapton 3287 0.4980 3.7497 49288 0.3020 2.0574

Trovolta 1966 0.4987 5.4047 29645 0.2599 2.2826

W54 3582 0.4387 3.3569 53550 0.2006 1.4826

Lambs 1893 0.6743 6.0932 28674 0.4797 2.7806

Oz 4499 .5348 3.4750 67700 0.2960 1.7957

Wind 3640 .6105 16.4815 55027 0.4152 2.4594

Twister 2198 .3762 3.7889 33000 0.2190 1.8309

Fugitive 2307 .4715 5.1579 34673 0.2797 2.4753

Zorro 4047 .4267 4.2791 26376 0.3191 2.7636
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Figure 3.1: Frame size histograms of the I-, P-, and B- frames of zorro
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Figure 3.2: Frame size histograms of the I-, P-, and B- frames of Clapton
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3 3 . Correlations

Time-dependent statistics are important since correlation in data streams can 

affect the performance of networks carrying this traffic. All studies [11], report that 

packet losses and/or delays of the queueing systems are considerably higher for 

positively correlated input traffic than for uncorrelated input traffic. Thus, it is 

important to understand the correlation properties of video traffic.

There are a number of measures for second-order properties of empirical time 

series, such as auto correlation functions (ACFs). periodograms. indices of dispersion, 

and self-similar properties [11]. We will focus on ACFs and the estimation of self­

similar properties since we use this sequel to determine our video traffic models. Auto 

correlation of frame sizes depend on the pattern of the GOP and. in principle, always 

look like figure 3.3. assuming the same GOP is used for the whole sequence. The 

correlation between frames at the current observation point, and the future observation 

point (every 16th frame), indicates that I — frames slowly decay in amplitude. Mpeg-2 

has a unique structure determined by (N). the number of frames before the next I frame, 

and (M), the number of frames before the next P frame in one Group of Picture (GOP).

A group of picture is defined as :

^ B P B B P B B P B B P B ^ l ... N=15. andM=3.

In [ 10], the author shows a strong frame-by-frame correlation. If a model is needed 

which captures the frame-by-frame correlations of an MPEG video traffic stream, the 

GOP — pattern based shape of the auto correlation function has to be considered. Frame-
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by-frame correlation does not capture long-range dependency. The next section 

discusses the long-range dependency in video traffic.

o '

o '

o '

o '

0 10 20 30 40

t, (time in frame numbers)
Current time
Point of observation Future time

Point of observation

Figure 33: Autocorrelation studies of frames (video clip of zorro)

3.4 Long-range dependencies

More recently [12], variable-bit-rate (VBR) video traffic was found to exhibit self­

similar characteristics, similar to LAN traffic. The crucial feature of self-similar 

processes is that they exhibit long-range dependency (LRD), that is their
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autocorrelation function r(k) decays slower than exponential, and is non-summable, i.e.,

r
r(k)~k~* , as k —► , for 0 < £ < I (the quantity H = I- ^  is called the Hurst

parameter). A Hurst parameter greater than 0.5 indicates long-range dependency. This is 

in contrast to traditional stochastic models, all of which exhibit short-range dependency 

(SRD), i.e., have an autocorrelation function that decays exponentially or faster [13].

To obtain an improved support for the decision about the appropriateness of a certain 

model, we need to examine the long-range correlation behavior of the video sequences. 

The importance of detecting the presence of this behavior is two fold. First, 'queueing 

systems, and generally statistical estimators' reaction on long-range dependent input 

streams differs from that of uncorrelated input. Second, most of the models, such as 

finite Markov chains and finite order autoregressive processes, are not capable of 

modeling long-range dependency. Hence, to compare model-based and trace-based 

traffic, we need to know whether long-range correlation has been factored in. 

Otherwise, performance measures could differ significantly.

It is difficult, however, to evaluate long-range dependency of the video 

sequences by means of the autocorrelation function alone. A succinct way of measuring 

long-range dependency is through the hurst parameter. H. The H parameter measures 

the degree of similarity between GOP sizes. An algorithm for measuring the hurst 

parameter. H, rescales the range R, of the video sequence, and S is the standard 

deviation of the new range. R/S is the ratio of the rescaled range over the standard 

deviation. The slope of the plot is the index of long-range dependency. Given an 

empirical series { x r : t = l  N} ,  the whole series is subdivided into K non­
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overlapping blocks [14 ]. Now the rescaled adjusted range R (t,.d) over S ( tr ,d) for a 

number of ranges r, where t , = L N/K J (/ — I ) + I are the starting points of the blocks 

which satisfy (t, -  1) + r < N, is computed.

R (t,.  r) = max { 0, W (tr. 1) W (tr. r) }

-  min { 0, W (tr. I) W( t r. r)}

where

W ( t „ k ) = £  X t i+ H -k .  ( ! £  Xd + H -  1 •
;= i V r  i= l )

K = 1 r.

The formula [14] divides the sequence into a number of ranges, r. The starting points 

of each range is t, that is the floor of N/K times ( / - I ) +■ 1. R is the rescaled adjusted 

range and S is the standard deviation.

Let S2 ( t , . r) denote the sample variance of xn x n, r_, • For each value r we obtain

a number of R/S samples. For small values of r there are k samples. The number 

decreases for larger ranges r due to the limiting condition on the t . values mentioned

above. These samples are computed for logarithmically spaced values r. i.e. n+i = m • r i 

with m>l starting with a value ro of about 10. Plotting log [ R ( t , , r)/S ( t , . d) ] versus 

log r results in the R/S plot.

Next, a least squares line is fitted to the points of the R/S plot, where R/S 

samples of the external ranges are not considered. The R/S samples of the smallest 

ranges are dominated by short-range correlations and samples of large ranges are 

statistically insignificant if the number of samples per range is less than say 5. The
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slope of the regression line for these R/S samples is an estimate of the Hurst parameter 

H. Both the number of blocks K and the number of values r should not be chosen too 

small. In addition, some care has to be taken into consideration for the regression line. 

In practice, it has to be checked whether different parameter settings lead to consistent 

H estimates for {X t <Itu } with different aggregation levels m.

Figures 3.4, 3.5 show the R/S plot for the Zorrogop and Claptongop sequence with K = 

10. The regression lines have slopes of .9 and .98 respectively for Zorrogop and 

Clapton indicating a Hurst parameter of H = .9 and .98

lO

o

LRD

(Ao

SRD

oo
0.40.1 0.2 0.3

Fitted : log 10r

Figure 3.4: Hurst coefficient vs. ioglOr for zorrogop

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



in

o

LRD

in
©

SRD

oo
0.4 0.5 0.60.30.0 0.1

F itted : Iog10r

Figure 3.5: Hurst coefficient vs. loglOr for daptongop

3.5. Summary

In chapter 3, we discussed the statistical distributions of the Mpeg frames. The 

video clips were collected at Bell Labs, at Murray Hill, the research unit of Lucent 

Technologies. The frames statistics were computed using MATLAB. For the most part, 

the I frames can be thought of following a normal or lognormal distribution. The P and 

B frames follow a lognormal distribution. The chapter also discussed the correlation 

between Mpeg frames, as well as the group of pictures (GOP).

The long-range dependency, measured by means of the hurst parameter was presented. 

Based on the statistical measures described so far. we now examine the related works as 

to how these measures are used in these works.
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4. RELATED WORKS ON MPEG-2 TRAFFIC MODELING

In lieu of actual traces, synthetically generated traffic traces can be used to study 

network performance. Appropriate models that capture specific traffic 

characteristics have caught the attention of researchers in traffic engineering. In this 

chapter, we will review a few of the major traffic models in the literature, such as 

the histogram, the scene-oriented, the self-similar and autoregressive models. We 

will look at how the various parameters are computed, and the model traces 

generated. Then in chapter 5. we will indicate the first of our contributions by 

expanding on the Autoregressive Model.

4.1 Histogram-based studies

Histograms are among the simplest modeling approaches, and they do not take 

account the correlation structure of the video data set. Therefore, they provide no in- 

depth statistical inference for the computation of their parameters. Krunz et al.

( 1995)[10] provides a model for Mpeg video traffic with all three frame types although 

the authors used a fitted lognormal distribution instead of a histogram. They used a 

simple approach of cycling through a set of three different lognormal random variables, 

i.e.. one for each frame type, to generate a sequence which reflects the GOP pattern of 

Mpeg coding. Skelly et al. ( 1993)[ 15] report that a histogram model provided good 

results for estimating the buffer occupancy distribution of an Atm Multiplexer with
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video input sources. Schroff and Schwartz ( 1994)[I6] use these results to estimate end- 

to-end cell loss probabilities for video traffic. Both papers are based on data sets which 

consists of only one frame type.

The histogram model is equivalent to modeling a time series by independent 

and identically distributed (i.i.d) random variables. ‘'Identically distributed" means that 

the intervals have the same probability distribution. This implies that a number of 

algorithms for the analysis of queueing systems with i.i.d input traffic can be applied. 

The main disadvantage of this model is that any GOP-by-GOP correlation remains 

uncaptured.

4.1.1 Parameter Estimation

Let {x,: / = 1 N} denote the GOP size trace. The only user-defined

parameter of the histogram model is the number k of the histogram intervals. The 

relative frequency hj of the samples in the GOP size intervals and the GOP size Sj related 

to interval j (j = l,....k ) are computed using the formula in [17], as described below.

4.1.2 Generation of A Model Trace

Let { }  be a U (0.l) distributed white noise. Given the frequencies h ,,  and 

GOP trace {t ,} is generated

I
byt,  = S j  with j = min { 1 : ^ h ,  > £ , }

/=i
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For each of the models of this chapter we present one trace with L180 samples of 

Zorrogop and discuss the shape and properties. The model parameters are estimated on 

the basis of the Zorrogop size sequence.

Figure 4.1 shows the first 1180 samples of this data set. We point out that trace 

diagrams are no proof of the quality of a model. The quality of a model is measured by 

more appropriate statistical methods, other than observing trace diagrams.

7 
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5
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£. 4

oN

a<3

2 

1 

0
0 200 400 600 800 1000 1200

frame number

Figure 4.1: Trace from the zorrogop size sequence
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Fig. 4.2 shows a trace generated by the histogram model with a number k = 11 

intervals. The histogram model is affected by the bin and sample sizes. Appropriate bin 

sizes may be chosen using [17] to bring out needed statistical.

6 

5

J  4
£  
e
o ->
3:
V
5 ">
W  —

I 

0
0 200 400 600 800 1000 1200

frame number 

Figure 4.2: histogram model (zorrogop)

The histogram model has been used to model video traffic by putdng sample sizes into 

bins. The model does not capture frame to frame correlation, but gives a simple method 

of modeling video traffic, that is putting samples into bin sizes without capturing any 

time dependencies.

series of Zorrogop form histogram Model
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4.2 Scene-level analysis.

The scene-oriented model is a first-order Markov chain with a redefined set of 

states. The intention of this redefinition is to facilitate the modeling of scene changes 

and to achieve an improvement of the autocorrelation modeling properties of the 

Markov chain, with a moderate increase in the number of states. Before we are able to 

classify the GOPs into different scenes we have to determine the scene boundaries of 

the video sequence. It is possible for offline observation of scenes by humans, which 

allows affixing markers along a video stream to depict boundaries of scene changes 

during subsequent play-outs of the stream. Instead, we use a method to find these 

boundaries which only depends on a few statistical properties of a group of consecutive 

GOP sizes. These parameters should be available by simply scanning the GOP size 

sequence without any knowledge about the content of the video sequence.

Heyman and Lakshman ( 1994)[18] present an algorithm to split a video trace 

into scenes. It is based on the fact that normally a new scene starts with a frame which 

is considerably larger than the preceding frames. This behavior results from the 

predictive encoding which is used in most video encoding schemes. The first fhune of a 

new scene cannot be predicted from former frames and therefore contains more 

information. In this case, this algorithm is not applicable since our aim is to find out 

scene changes among GOP sizes. Due to the summing of frames, the sudden increase of 

frame size at the beginning of a scene is averaged out and is not detectable anymore. 

Thus, a new algorithm to determine scene changes for GOP sizes is in order [11].
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Let {x , : / =1,. .. . N} denote the considered GOP size trace. In addition to the

number of states M c used to model the GOP sizes while being in a particular scene, we

have to specify the number of scene classes M s . To determine the scene class of each

of Xi, the algorithm below is proposed. This algorithm groups together GOPs into 

scenes which have approximately the same GOP size.

4.2.2: Variation-Based Algorithm

Using the variation-based algorithm in [11] and described below, scene 

boundaries based on the coefficient of variation for a sequence of consecutive GOP 

sizes, were determined. GOP sizes were added to the sequence under consideration until 

the weighted coefficient of variation changed more than a preset value. The last GOP 

added is defined as the beginning of a new scene.

In the following, a formal description of the algorithm is presented. The scene 

change threshold e  s is specified. Let Ng denote the current GOP number and Ns the 

current scene number.

Set Ng= 1 and Ns= l.

Set the current left scene boundary B left (Ns) = I.

Increment Ng by I. Compute the coefficient of variation cvnew of {Xbieft(Ns Xng}*
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Increment Ng by I. Set c v (old) = c(new). Compute the coefficient of variation 

c v (new) of {Xbieft(Ns) Xng}-

The formula below determines if the coefficient of variation is greater than threshold. If 

it is. there is a scene change, otherwise there is no scene change.

If | c l. ( n e w ) -c v(old )| ( nc l ) >t hr es h;  then set the right scene boundary.

B rnihl (Ns) = N c -1 and the left scene boundary of the new scene B ^  (Ns + I ) =NC . 

Increment Ns by I and go to step (2).

If (i) does not hold go to step (3). Iterating the algorithm over the whole GOP size 

sequence provides a series of Ns scene boundary pairs. Now the average GOP size x , (i) 

for each scene is computed as below :

and extend the given GOP size trace {x,} to a series of pairs { (Xj, .7,) } with x, = x ,

(s) for b lrlT (s) < i < b nyh! (s). i.e. pairs formed by the GOP size and mean GOP size of

the scene where this particular GOP is located. Experiments indicate that? s should be 

chosen such that the resulting average-scene length is at least ten GOPs to obtain a 

reasonable approximation quality of the auto correlation function [11]. The range of 

frame numbers which is well approximated has to be determined heuristically varying 

e  s and Ms.

/ )

X ( k  )
with i = I.

bn,hM )~ b let,(/) + I k = b M < ' >
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Figure 4.3: GOP size trace generated by the scene-oriented model

The scene-oriented model, based on the variation-based algorithm has been employed to 

mark a video sequence into separate scenes. The coefficient of variation greater than a 

preset value constituted a scene change.
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43 . Autoregression studies

A class of models which also has attracted researchers' attention is the class of 

autoregressive (AR) processes. This class is particularly interesting since a wide range 

of methods known from time series analysis can be applied for parameter estimation 

and model characterization.

Besides the Markov models already mentioned above. Maglaris et al, (1988)[ 19] 

present a first order AR model. Nomura et al. ( 1989)[20] also use a first order 

autoregressive process to model the frame size process of their experimental encoder. In 

addition, they suggest the use of Markov modulated AR for video sequences consisting 

of several scenes. Roberts et al. used the Maglaris model for their performance 

considerations of a multiplexer with VBR video input traffic. A superposition of two 

first-order AR processes and a Markov chain is considered by Ramamurthy and 

Sengupta [21]. The first AR process models the short-range behavior, the second AR 

process the mid-range behavior, and the Markov chain models the single peaks of the 

frame size process. Chowdhury and Sohraby [22] compare bandwidth allocation 

algorithms for packet video which is modeled using the Maglaris et al. approach. One of 

the few models dedicated to Mpeg video traffic is presented by Enssle [23]. He uses 

three first-order AR processes to model the Mpeg frame types separately. A similar 

approach is used by Adas [24] to predict the frame sizes of an Mpeg trace. He used high
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order AR processes. In contrast to these aproaches, Stokes [25] uses one AR (PG) 

model for complete sequence, where PG is the number of frames in one GOP.

Autoregressive processes are widely used in the time series analysis literature. 

We obtain a lognormal marginal distribution which is typical for MPEG video traffic by 

simply transforming the normal distribution with mean, fin and standard deviation. <7n

N (//„, <7n) marginal distribution of a standard AR(P) process by an exponential 

function. By means of a model order P. we are able to determine the number of lags of 

the empirical auto correlation curve that are modeled correctly.

43.1: Parameter Estimation

Let {x;: / = !........N} denote the considered GOP size[15 frames] trace. We

assume Iognormally distributed GOP sizes. The Q-Q plots indicate that GOPs follow a 

lognormal distribution. See experimental results in the appendix . We have to transform 

{x;} to a time series with normal marginals, y , = log x ,. The parameters of the normal

marginal of the transformed process are given by the sample mean p „ and the sample

variance g„~ . To determine the model order P, a set of simultaneous equations has to 

be solved [See Appendix ].

4 3 3 : Generation of a Model Trace.

Let e  be a N (0. 1) distributed white noise process. The values p„ and Gn are set 

to the given estimates fin and <t„ or in dependence of the expected mean p r and the 

variance cr : of the model trace.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



33

u  = los—= = = = = ; o 1 = logHj-L E l. . The mean and standard deviation of the* n © I •> -T n

transformed trace are related to the mean and standard deviation of the model trace as 

above( see [ 17] for general discussion on computing the statistical parameters ).

For a model trace of length N. a trace is generated by the Gaussian process {t™

: i = 1 L + N} applying the recurrence relation tim = a  \ t i-im + ... + a p tj.pm + e  i

with tjm = 0 for i < I and given the parameters a  \.......« p. The first L samples are

neglected to avoid start-up errors. The value L is determined by comparing the

autocorrelation curve of the trace {tim : i = L + 1 L + N } and the theoretical

autocorrelation curve of the AR(P) process. If both curves match well the value L is 

large enough. The marginal distribution of trace {tim} will be gaussian but not with the 

expected parameters. Following the algorithm, we therefore transform the sample tim to 

the N ( fin, <Jn: ) distributed samples t" as follows:

t « = + Mn fo ri=  I.....N

with u m denoting the mean and <ym the variance {t™}. Finally the trace {ti} = 

exp ti" is generated.

Figure 4.4 shows a trace generated by an AR (10) model with lognormal marginal 

distribution. The sample sizes follow a continuous distribution.
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Figure 4.4: Trace generated by AR(10) model with lognormal marginal
distribution

The autoregressive model of order P captures frame to frame correlation and is suitable 

for modeling activities which do not involve much scene changes. The model trace was 

generated by first transforming the lognormally distributed GOP sizes to follow a 

normal distribution. An inverse transform regenerated the model trace. We extend this 

model to capture scene changes in chapter 5.
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4.4 Capturing self-similarity

Recently, attention has been paid to self-similar or long-range dependent 

modeling of traffic in communication networks. Up to now. most papers mainly dealt 

with the statistical analysis of data sets, i.e.. in most cases with the estimation of the 

Hurst parameter of an empirical sequence. In Norros [26] and Likhanov et al. [27], the 

authors found that in G/D/l systems with self-similar input, the queue length 

distribution does not decay exponentially as in the case of non-short correlated input 

traffic, but hyperbolically or Weibullian.

Garret and Willinger [ 13] present a detailed statistical analysis of a two hour 

VBR video trace and present a FARIMA (0. D. 0) model for video traffic. In Adas and 

Mukheijee [24], the authors use a FARIMA ( I. D. 0) model for their experiments.

Enssle [23] suggests to use a Fractional Gaussian Noise (FGN) model for Mpeg video 

traffic and compares its performance to a white noise process with the same marginals. 

In contrast to these papers, Huang et al. [28] generate self-similar model traces directly 

from the autocorrelation function of the Mpeg-I-frame sizes using Hosking's 

method[l4].

Self-similar processes form a class which facilitates the modeling of long-range 

dependency. All other models are only capable of modeling short-term correlations. 

FARIMA (0, D, 0) also facilitate the modeling of long-range dependency but offer no 

possibility to match the models to the low-lag correlations of the data sets. Standard 

FARIMA processes have a Gaussian marginal distribution. Similar to the autoregressive
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models, we obtain the adequate marginal distribution by transforming the N (tin, an) 

marginal distribution of the FARIMA process to a lognormal marginal.

4.4.1. Parameter Estimation

Let { \ i : i = 1 , . . . ,  N} denote the GOP size trace. Assuming lognormally

distributed GOP sizes, we first have to transform {Xi: i =1 N} to a time series with

normal marginals { x;n : i =1 N } by x" = log x , . The parameters of the normal

marginal and the transformed process are given by mean p „ and variance o  .

4.4.2 Generation O f A Model Trace

For the generation of Gaussian FARIMA (P, D. 0) trace of length N the two-step 

algorithm suggested by Hosking [14] was used. The algorithm first generates a 

FARIMA (0. D, 0) trace length L + N. then. AR(P) is added by applying the 

appropriate recurrence relation and cut off the first L samples. The whole generation 

process is equivalent to that of an AR(P) trace besides the fact that e  , is white noise

in the AR(P) case and long-range dependent in the FARIMA (P, D, 0) care for d > o. If 

D = 0, i.e.. H = 0.5. the statistical properties of AR(P) and FARIMA (P. D. 0) traces are 

the same.

Generation of the FARIMA (0. D. 0) trace: Given d = H -  0.5. let { £ i : i = I, 

.... L + N} denote the FARIMA (0. D. 0) trace. Set Vo = I. Choose £0 from N (0. Vo). 

Then generate L + N Points by iterating the following algorithm for K = 1,. . . .  L + N:
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0u = d f ( d - k )

Qkj = &k-l.j ~ <Pkk(t,k-l.k-! j= ^  *̂1

k
mk = 5 a * * - /

;=*

Choose each ek from N (Mk, Vk).

Generation of the FARIMA (P, D. 0) trace: In the following, the algorithm partly 

repeats formulae from previous section to obtain a selfcontained model description. 

Given or, a p of the AR(P) part and a Gaussian FARIMA (0. D. 0) trace. { f , : / =1.

..., L + N }. Set (i „ and a„ to the given estimates u n and &n or independence of the 

expected mean and variance

The algorithm obtains a trace o f the Gaussian FARIMA (P. D. 0) process {tjm : / = 1,

..., L + N} applying the recurrence relation t™ = or, ti. im + ... + a p ti . pm + e t . with tim

= 0 for i < I. The first L samples are thrown away to avoid start-up errors. The value L

is determined by comparing the autocorrelation curve of the trace { t™ : i = L. + I L

+ N} and the theoretical autocorrelation curve of the FARIMA (P, D. 0) process. If both 

curves match well, the value L is large enough.The marginal distribution of { ti"1 } is 

Gaussian but not with the expected parameters.
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The algorithm therefore transforms tim to the N ( | in , <yn2) distributed t"by

t « = + f o r i =  1.....N

with u m denoting the mean and <Tm2 the variance of {tjm}. Finally, the L (p.n, <5 n ') trace 

{ti} is generated from {ti"} by tj = exp ti".

Fig 4.5 shows a trace generated by an FARIMA (1, D, 0) model with lognormal 

marginal distribution. The trace has appealing similarities to the empirical trace. As for 

the original, its marginal distribution is continuous and the average behavior changes 

slowly over time.
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Figure 4.5: GOP size trace generated by the selfsimilar model

Whereas the Autoregressive model captures short-range inter-frame correlation, the 

self-similar method has been applied to capture long-range dependency in video traffic. 

By applying the algorithm [ 14], a model trace was generated. Review of previous works 

gave us the insight into potential problems hidden in the generation of the model traces. 

It is also important to review some experimental work in the area of traffic modeling, 

and bandwidth allocation strategies.
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4.5 Measurement-based Analysis

Feng and Rexford[29] presented a comprehensive comparison of bandwidth 

smoothing algorithms for the delivery of compressed video streams in video-on- 

demand systems. It capitalized on the apriori knowledge of frame lengths to reduce 

the bursdness of resource requirements for the playback of prerecorded video by 

prefetching data as a series of fixed rates at the client buffer. The metrics used 

included the peak rate requirements, the number of bandwidth changes, the variability 

of the bandwidth allocations, and the variability of the time between bandwidth 

changes. They reported that for small buffer sizes, the piecewise constant rate 

transmission and transport (PCRTT) algorithm was useful in creating plans that have 

near optimal peak bandwidth requirements while requiring very little computation 

time to calculate. For larger buffer sizes, however, the PCRTT algorithm limited the 

ability of the server to prefetch frames across interval boundaries. The critical 

bandwidth allocation (CBA), minimum changes bandwidth allocation (MCBA), and 

minimum variability bandwidth allocation (MVBA) algorithms exhibit :imilar 

performance for the peak rate requirement and the variability of bandwidth rates. The 

MCBA algorithm, however, is more effective at reducing the total number of rate 

changes.

In contrast to stored video, live applications typically have limited knowledge of 

frame sizes and often require bounds on the delay between the source and the 

client(s). As a result, smoothing for interactive video typically requires dynamic 

techniques that can react quickly to changes in frame sizes and the available buffer 

and bandwidth resources. Rexford et al[30] developed online, window-based
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smoothing algorithm for delay-tolerant applications such as videocasts of courses or 

television news where many clients may be willing to tolerate a playback delay of 

several seconds or minutes in exchange for a smaller throughput requirement. They 

developed smoothing constraints to avoid underflow and overflow of the B-byte 

playback buffer. To lie within the upper and lower constraints, appropriate 

transmission schedules were computed. They used the Hopping-Window and the 

Sliding-Window smoothing techniques. The hopping-window algorithms operated on 

consecutive non-overlapping smoothing windows, each of length W. These 

algorithms execute every W time units, smoothing the W most recently generated 

frames. The sliding-window algorithm smoothing executes on overlapping windows 

of size W. They concluded that the new algorithms significantly reduced the peak 

rate, coefficient of variation, and effective bandwidth of variable bit rate video 

streams using window sizes ( I -10 seconds). Our work requires prior knowledge of the 

information about the traffic. Application of real time traffic techniques can utilize 

our model in real time traffic analysis.

Sohraby et al[31], demonstrated for the first time in an actual local area 

network, the existence of correlations among monomedia traffic streams in a 

multimedia session. They measured the correlation between audio and video traffic 

and reported that such monomedia sources cannot be assumed to be independent, but 

rather correlated. In Hussain et al [32], A 2-D general independent (GI) arrival 

process model was developed in which they assumed multiple correlated batches of 

information units, arriving in the same time slot and entering multiple queues with 

multiple servers. The result was a multi-dimensional queueing model analysis.
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Heyman et al[33] did a statistical analysis and simulation studies of video 

teleconferencing traffic over ATM networks. They found that periodicity (Constant 

Video Frame Rate) can cause different sources with identical statistical characteristics 

to differ in cell loss rates by several orders of magnitude as a result of multiplexing 

several sources. They found that the number of cells per frame was not normally 

distributed but followed a gamma (or negative binomial) distribution. In terms of 

traffic models. Heyman et al[33] found that the Autoregressive Model of order 2, 

AR(2) and Markov Chain Model were inappropriate because of either 

underestimating and overestimating the occurrence of frames with a large number of 

cells. Nevertheless, they realized that a multistate markov chain model that can be 

derived from three traffic parameters( mean, correlation, and variance) was sufficiently 

accurate for use in traffic studies.

4.6. Pitfalls and foundation for current work

In Krunz et al [10]. scene boundaries were based on the fact that significant 

changes in the sizes of consecutive I-frames amounted to a scene changes. What is 

‘significant* was not defined. The paper did not consider how network performance 

was affected depending on the choice of ‘significant* difference that constituted a 

scene change. The only performance measure used was the cell loss rate, in the case 

of ATM netw ork. That alone cannot predict how fitting the model is. Frequency 

analysis of the traffic both of the empirical trace and model trace could be done to 

unlock the hidden signature of energy distribution of this video traffic, not easily 

discernible in the time domain.
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Feng and Rexford [29] analyzed smoothing algorithms by comparing 

performance metrics such as peak rate requirements, number of bandwidth changes, 

variability of bandwidth allocations. The analysis was done in the time domain, and 

the trace compressed and stored video. Apriori knowledge of frame sizes was 

important for the algorithm to work. Rexford overcame that limitation by using 

bandwidth allocation strategies, not on stored video, but on live movie such as 

videocasts of courses. This method sought to reduce the burstiness in the traffic. This 

method was for delay-tolerant applications only. The smoothing was done in the time 

domain to reduce burstiness. No traffic models were used here except the actual 

traces. Moreover, there was no mathematical characterization of bandwidth allocation 

versus autocorrelation.

Although Heyman and Laksman[18] did a statistical analysis, their traffic was the 

class of videoconferencing traffic only. No frequency analysis was done. The AR(2) 

model did not produce large values for good traffic studies. No earlier methods using 

the AR(P) model have captured the periodicity exhibited at the frame level traffic 

sequence.

Summary

In chapter 4, we considered various traffic models such as the histogram model, the 

scene-oriented model, the self-similar model and the autoregressive model. The 

histogram-based method gives a simple approach in modeling video traffic. The 

scene-oriented approach is based on the coefficient of variation of GOP sizes greater
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than a preset value. The autoregressive analysis captured the frame-to-frame 

correlation, whereas the self-similarity captured the long-range dependency. The 

review of the above traffic models gave us the insight into potential difficulties 

inherent in modeling Mpeg traffic. The generation of the model trace in self-similar 

traffic shares some commonalities in the algorithm, and helped us further in our 

extended model. Our contribution has been an improvement of the autoregressive 

model. In the next chapter, we describe one improved autoregressive model, and 

highlight the specific improvements.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



45

5. AN IMPROVED AUTOREGRESSIVE MODEL

In chapter 4, under 'Related Works', the autoregressive model, and how the parameters 

were estimated was presented. This section also presented how the traces were 

generated. A trace was generated by the autoregressive model of order 10 AR( 10). 

Below, we present an "Improved Autoregressive Model" that takes into consideration 

scene changes.

5.1 Overview of AR model

The Autoregressive process has been used by several authors [8, 11, 23] to model 

the Mpeg video traffic that attempts to capture the frame correlation as well as the 

gaussian shape of the bit rate variation. However, the autoregressive process alone does 

not capture scene changes. (See page 61 of [1]). In this chapter, we propose an 

Autoregressive model of order P. AR(P) + IAP (Interrupted Autoregressive Process), to 

capture scene changes. We have done so by introducing an I frame according to the 

mean scene length distribution, as well as the distribution of the bit rate of the I frame. 

We compared the model performance to that of the actual video trace, as well as the 

autoregressive process without scene changes. Our model has a mean and standard 

deviation of I-frames approximately the same as the original trace. This means that 

oar model captures scene changes, and can be used to study network performance 

in lieu of an actual trace.
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Many authors have done work on traffic modeling of voice and video. Heffes and 

Lucantoni [8] presented a Markov modulated Poisson Process (MMPP) that allows the 

exact queueing theoretic analysis to calculate the performance measures such as cell 

loss probability, cell transmission delay, etc. In [8], the MMPP model is applied to 

voice cell traffic. In [34], a four state MMPP model is applied to video cell traffic and 

the corresponding cell loss is analyzed.

The autoregressive process of order P (AR(P)) models the Mpeg traffic [8, 11, 23] 

but does not capture the scene changes particularly noticeable in the high bit rates of the 

intracoded (I) frames [I]. In [35], the authors endeavored to capture scene changes at 

the cell level. In this paper, we have captured scene changes by capturing the I-frames 

that is periodically transmitted in the Mpeg Group of Pictures (GOP), which is a pattern 

that repeats itself throughout the sequence. Recall that scene changes are mostly 

captured in the high bit rates of the intracoded (I) frames. An example of a 15-frame 

GOP is IBBPBBPBBPBBPBBI... Additionally, we present a performance analysis of 

our model and compare the result with that of the original trace and the AR(P) without 

scene changes. The performance of the AR(P) + LAP approximates closely that of the 

original trace.

The autoregressive model was presented earlier (section 4.3.1 and 4.3.2). is 

referenced with regard to parameter estimation, and model trace. In section 5.2. an 

improved version of the autoregressive process, that accounts for the scene changes is 

captured. Statistical justification for the improved version of the autoregressive process 

is presented, and section 5.3 describes a performance analysis of the original trace and
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the new model, and compares the result to the AR(P) model. The chapter concludes 

with section 5.4 describing how our model is applied in a real network.

5.2 Our approach

The Mpeg2 video traffic exhibits periodicity as a result of its Group of Picture 

(GOP) structure. A typical gop structure is shown below: 

I B B P B B P B B P B B P B B  I B B P B B P B B P B B P B B  I...

The I. P, B frames were previously defined. Whenever there is a scene change, more 

bytes are pumped into the intra-coded frames (I-frames) by the encoder before it settles 

into a more normal production. A “considerable” [10] change in consecutive I-frames 

can be attributed to a scene change. Mathematically, this can be represented as:

|/ (̂ - I , |  > , where I, is the i* I-frame. and I,„, is the ( i+ l)A I-frame: £thrnh

is the minimum number of bytes difference (minimum threshold) for a scene change. 

The autoregressive model alone does not capture such periodicity in the I-frames as 

shown above. Below we present the zorrotyl empirical trace versus the autoregressive 

model trace to illustrate this point.
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Figure 5.1: zorrotyl frames showing periodicity in I- frames

Notice the periodicity in the GOP structure by the periodic spikes in figure 5.1. Such 

periodic spikes are not captured in figure 5.2. To capture this periodicity, we introduce a 

new idea called AR(P) + lAP(S.F), where IAP is defined as LAP=mun + std x randn(0,

1); mun= mean of the I-frames, std = standard deviation about the mean. The video 

clips we collected has a GOP of 15. This means that every 16th frame, an intracoded 

frame is generated. If there is a scene change, the bit rate dramatically increases, and is 

captured in the I-frame. If the change from the previous intracoded frame is
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“considerable”, an IAP is introduced. Note that randn(0, I) generates normally 

distributed random numbers with mean zero, and standard deviation 1. LAP is a function 

o f the mean scene length distribution, S, and the mean distribution o f the I frames F. By 

inserting an I frame according to LAP(S F), we can model the original trace much 

closer to capture periodicity and scene changes. Care must be taken in choosing the 

standard deviation about the mean. By try and error, we can choose the appropriate 

standard deviation that closely models the original trace. The graph below shows our 

initial analytical result.

12000 
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6000  

4000  

2000 

0
0 100 200 300 400 500 600 700 800 900 1000

fram e num ber

Figure 5.2: zorrotyl model trace without periodicity

By choosing the appropriate standard deviation between 0.2-0.3 o f the mean value, the 

mean of the frames approximates that o f the original. Between 200 and 500 frame

AUTOREGRESSIVE MODEL
t-------------- 1 i-------------- 1-------------- 1--------------1 i-------------- 1-------------- r
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Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



fra
me

 s
ize

s

50

numbers, the average of original is 5000 bits, and our model is 4000 bits, whereas 

between 600 and 900 frame numbers, the mean of the original trace is 4000, whereas 

our model has mean 5000 bits. Within certain intervals our model overpredicts or 

underpredicts the mean values (see figures 5.1 and 5.3).

12000 

10000 

8000 

6000 

4000 

2000

0
0 100 200 300 400 500 600 700 800 900 1000

frame number

Figure 5J: Autoregressive model of zorrotyl with periodicity captured

To see how our model captured scene changes, the I frames were examined in terms of 

the mean and standard deviation for the entire sequence. The mean of the I frames in 

our model is 520750 bits and is closer to the mean (530980 bits) of the original trace. 

The same is true for the standard deviation. The AR( 10) has a lesser mean and standard 

deviation. This means that the mean distribution of the I frames in AR( 10) is shifted to

AUTOREGRESSIVE MODEL
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the left, implying fewer I frames that met the "considerable " change criterion for a 

scene change. Table 5.1 presents the results.

Table 5.1: Shift to the left of I frame statistics for AR(10) model.

Data Mean_I (bits) Std_I

Original 530980 641390

AR(10) 427770 451830

AR(10)+IAP(S,F) 520750 640150

In section 3.2. under distributions, it was established that frame size distributions of the 

I-frames could be approximated by a normal distribution. The QQ plot was used to 

emphasize this conclusion. Hence we inserted an I-frame according to the mean scene 

length distribution, using the normal distribution of the I frames according to IAP = 

mean + standard deviation (about the mean) of the I-frame distribution.

53 Performance Analysis

To further test the validity of our model, we examined the performance in a queueing 

network using three different inputs, namely the original trace, our model and the AR 

model without scene changes. The network setup to measure loss rate is shown in 

figure 5.4 [36]. The “Loss_Node” node measures losses in case of buffer overflow. 

The service discipline was first come first served (FCFS. A buffer size of 20 cells (in 

this case of ATM), and an output transmission capacity of 155Mbps was used. Below,
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we present the loss probability (ratio o f rejected cells due to buffer overflow, to the 

total number o f arrivals in the ATM multiplexer. In the case of packet-switched 

networks with variable or fixed sizes, the loss probability is the ratio of rejected 

bytes due to buffer overflow, to the total bytes arriving at the multiplexer) of the

original trace, the AR(P) + LAP and AR(P). The loss probability was calculated as the 

ratio of the losses in the "Loss_Node” to the total number of arrivals after several hours. 

Table 5.2 shows the results for the various inputs.

arrival

O —
N, (arrivals)

\ n 2

service

0 ----------
Buffer

, (rejected cells due to buffer overflow) 

Sss_N ode
(V,

Probability of loss = —=-
N,

Figure 5.4: Measuring Loss Rate

When passed through the queueing system above, the loss rate for the original trace 

was .0035. The loss for our model was .0033. whereas the loss for the model without 

IAP was .0015. The loss rate of our model is within 94% of the cell loss rate of the 

original, whereas the loss rate of the AR(P) without scene changes is only 43% of the 

original trace loss. A good model should yield approximately the performance measures 

of the original trace. Since the loss probability of our model and the original trace is 

very close, the model statistically captures very well scene changes.
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Table 5.2: Comparison of cell loss probabilities.

Data Loss Probability

Original Trace .0035

AR(IO) .0015

AR(10+ IAP(S,F) .0033

5.4 Application Of Our Model In Real Network

We can apply our model in a real network, where the traffic source is an Mpeg Video

Encoder. Traffic descriptors such as the peak rate (p), average rate (avg), standard

deviaton ( a ) are derived from the traffic. These parameters become the arguments for

the traffic synthesizer, where we apply our model. A synthetic traffic is generated as

input to the network simulator, see figure 5.5. To meet a particular quality of service

(acceptable loss), bandwidth B is allocated to this traffic.

We define the allocation ratio as:

A c tu a l bandw idth  a llo c a te d  b x  n e tw o rk (B )Allocation ratio = -------------------------------------------- =-------------------
P eak R a te

If the allocation ratio is unity, this will imply that the lost traffic is equivalent to zero, 

and the peak bandwidth is allocated.
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One of the challenges VBR traffic presents to bandwidth allocation is the random 

fluctuations of bit rates, due to scene changes. Since our model captures scene changes, 

network designers will be provided with mean scene length distribution, in addition to 

the mean, peak and standard deviation of the observed I frames. This knowledge will 

help with allocating bandwidth. As shown in figure 5.5. a buffer may be needed to store 

packets due to the bursty nature of VBR traffic.

smoothed traffic
output trafficMpeg Video source

Buffer
Network
SimulatorBit Rate

lost trafficRate (P) 
4  Peak

avi

Time, t
P. avg a

Synthetic traffic generated

Traffic Synthesizer

(AR(P) + IAP(S.f))

(Our traffic model)

Figure 5.5: How our traffic model fits in a network
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Summary

An autoregressive model that captures scene changes in the Mpeg-2 group of 

picture sequence has been proposed. Such scene changes are more noticeable in the 

increased bit rate of the intracoded frames. The probability of loss of the proposed 

model closely approximates that of the original trace, and the performance of the 

autoregressive model without scene changes is also presented. This model may be used 

as input in simulating a network and determining the performance in lieu of actual video 

clips. In the future, a robust design in terms of the range of standard deviations about 

the mean value of the intracoded bit rate that results in robustnessness of the model will 

be investigated. Also, the range of ‘thresholds* for a scene change to occur will be 

investigated.

Our next contribution has been formulating a relation between correlation and 

effective capacity. Chapters 6. 7. and 8 will deal with our second contribution.
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6. A RELATION BETWEEN CORRELATION AND 

EFFECTIVE BANDWIDTH ( SINGLE SOURCE).

Having considered various traffic models, we want to now concentrate on the impact of 

such traffic models on network performance. Of particular interest is the 

characterization of effective capacity and the correlation that exists within a stream and 

among sources.

In the past, most effective capacity calculations have assumed the sources to be 

independent, not correlated. The effect of correlation, both intra and inter source, can 

no longer be neglected, as they may have a significant impact on system performance. 

We have developed an analytical relation between correlation and effective capacity 

and have substantiated through simulation, that correlation impacts the effective 

capacity in significant ways, and can greatly impact network performance, such as 

cell loss.

6.1 Effective capacity without correlation

The effective capacity formula developed by Elwalid and Mitra [3], F.P. Kelly [4], 

Anick et al [5], Gibbens and Hunt [6], and Kosten [7], consider the sources to be 

independent, i.e. the effect of correlation, both intrastream and interstream, is not 

considered. The effective capacity formulation as a function of correlation for a single 

source is considered in this chapter. Since intra-frame correlation, as in video[31,32.34 

] exists, the new effective capacity formula should take into account the intra-ffame- 

correlation of the source. This can be expressed as:

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



57

C_eff * = f (C_eff, corr (C,, C })), where corr(C,, C j ) describes the correlation

between frames. It is further shown, that as the correlation approaches zero, the 

effective capacity formulation boils down to the formulation in [3-7]. As explained in 

detail in chapter 7, section 7.2, case2. it is possible for the effective capacity as a 

function of correlation to be below the steady state probability. In that case,

o< q < c v

In section 6.2. the effective capacity formula that incorporates correlation is 

developed. It is further shown analytically, that the formula has the same asymptote as 

that of [3-7].

In section 6.3, we apply our effective capacity notion to an actual video clip. Since 

our formula is based on the two-state on/off source model, with transitions that are 

exponentially distributed, we first convert our video clips into *on’ and *off. We test to 

determine if these ‘on’ and ‘off times are exponentially distributed. This then allows us 

to use our formula to calculate the effective capacity for the video source. In our 

particular case, we had two on/off sources accessing a common buffer. The question is: 

does their combined effect have on/off transitions which are exponentially distributed? 

Can we use our formula to calculate the effective capacity as a function of some 

correlation for the two sources accessing a common buffer? How does it compare with 

the original combined source? Several on/off sources accessing a common buffer are 

then treated as one source. We have shown that the combined (equivalent single source) 

has ‘on* and ‘off* times which are approximately exponentially distributed. We have, 

particularly, developed a cumulative distribution function for the sum of two
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exponentially distributed on/off sources. The analytic cdf results agree with 

measurements. We have then tested our formulation by simulation and by using actual 

video clips.

We examine the performance of the traffic generated by our analytical expression by 

comparing its probability of loss with that of the actual video trace and that of the 

steady state. Finally, we draw various conclusions.

6.2 Developing Effective Capacity Formula

An on/off source switching randomly at the rates a  (off to on) and (on to off) states, 

has a transition matrix. Q:

» ~-p t(n Piit) 1 .Q = , where
L p2{t) - p.jt)

p, (t) and p , (t) are the transition probabilities of being in the *on state’ and ‘off state*, 

respectively, at time t, and are given by [37]. The transition parameters ft and a  are 

exponentially distributed, and R is constant.

a

P

Figure 6.1: on/off source showing transition probabilities
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This model could be applied to figure 1.2, where a buffered VBR traffic is transmitted 

over a constant output link. The 'on* times are the times taken to transmit, and the “off" 

are the silent period before the next transmission.

a
p, (t ) = [1 -  * « a  + p  if ] + p , ( 0 )e -  i a  +■ fi if

p, ( t )  =
a  +  /?

[ i  -  e +  p , (

In addition, the source steady state probabilities k  -  [/r, ^ ,] can be

calculated from the relation
ttQ = 0

I * , - i

Q* = Q( a  + (3) + 9 A . where A = diagonal of rates \  and L . In this case 

=0 and A, = R , the peak rate. To find the eigenvalues of the transition 

probability matrix Q \  we set the determinant of ( ZJ -Q' )  = 0.

To calculate the effective capacity C_eff, the maximum eigenvalue. Z. is divided by 

9 , where 9  =Log ( l/PL)/x; PL is the probability of loss and x is the variable 

denoting the buffer size [1]. This results in the following equation:

{ZI -Q' )  =
z + px(t) -  p,(f)

-  pzit) z + p z( t ) -9Rp

The determinant of {ZI  — Q') results in the quadratic equation below:

c 2 +  ziPi( t)  +  p 2( t ) - 0 R p) - 0Rp =  0
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After some algebraic manipulations with expressions of p , (t) and p , (t) substituted, 

we get, for a two-state Markov Chain, the effective capacity:

R„ a  + P + (a  + p)e-'a+l3'' (a + /?)[p,(0)+p2(0)k-,ĝ ,r
29 29 29

Rp a + P   ̂ jg + p tr " *  (a+p)[p^)+pA 0)Y
20 23 20 9

- (6 . 1)

The exponential terms ’* e " a~‘iu " capture the transient behavior. As t —» , the 

effective capacity reaches a steady state value. This becomes, after some algebra.

■if 9
a  + p  

29
car -t- P

>

29 9
 (6 .2 )

Observe that equation (6.2) is time independent and depends on the steady state 

transition rates a . P . the peak rate Rp and 9 .

6.2.1: Factoring in correlation effect

The autocovariance function for a two-state source can be written as. [ 1 ] :  

Rxx(t)=MA2p(l-p)exp(-(or+/?)r ).

Here. M represents the number of quantization levels and A represents the quantized 

state transition rate. The exponential factor can be written as. exp(-( a  + p ) t ) =

Rxx(t) /p( l-p)MA2. Inserting this into equation (1), and realizing p , (0) + p . (0) =1, 

we have after some algebra.
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C eff (corr) = — =
9

a  + 
2 6

B

RP a  + p
29

1 R»+ -a. a
J 9

1 —
Rxxit)

p )
+ p^OHa + 0)- Rxx(t)

M A *2p{\ — p )
-(6.3)

As Rxx(t) approaches zero, with t tending to infinity, equation (6.3 ) becomes the 

steady state effective capacity. This means that the effect of correlation is zero, and the 

effective capacity depends upon the steady state source parameters. Recall that the 

autocovariance is the autocorrelation less the first moment squared, and is a measure of 

the correlation between frames.

Figure 6.2 shows the analytical plot versus the time lag in sec.

Effective Capacity and Time in seconds. Also Showing Steady State Capacity
0.65

0.6

0.45

0.4
6 7

time (in seconds)
10

Figure 6.2: Analytic effective capacity with asymptote as steady state
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63. Determining on/ofT parameters for video clips

The effective capacity formula assumes that the source is a two-state on/off, and that 

the transition times from 'o f f ' to ‘on’ and vice versa, are exponentially distributed. The 

Mpeg-2 frame rate is 30 fps. This means that there is 33ms or 1/30 seconds in between 

two consecutive frames. To find the distribution of the on/off states, two random 

variables are defined: 

x = time taken for source to emit frame (‘on* period) 

y = .033 - x . off period time before next frame

The architecture of the transport system of Mpeg-2 video is presented in figure 1.2 and 

1.3. The output is a variable bit rate with fixed duration. This is the encoder phase of the 

transport system. The Scheduler phase shows variable bit rates buffered and 

transmitted over a constant rate transmission line. The ‘on* period is the transmission 

time and the ‘o ff period is the off time before the next transmission.

6.4 Probability Distribution for two on/off sources.

6.4.1: Simulation

Correlation effect of two random sources and their traffic descriptors. We first 

develop an equivalent source model for two traffic sources. We then calculate the 

on/off equivalent transition rates. The two sources then appear to the buffer as a single 

source.
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6.4.1.1: Equivalent source model for two sources

As shown in figure 6.3 below, each source can be represented by a two-state 

"on-and-off' minisource with transition rates as shown. The inter stream correlation is 

further shown by the arrows cross-connecting the independent sources. We further 

collapse these two-media sources into a single source with three states namely: "off 

state 0". "on state 1". and "on state 2". We then constructed rate diagrams to capture the 

different states in our equivalent model.

a,

off
on

(a)
P z

(b)

off on

On’

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



64

a
OFFQ D

Figure 63: correlated sources collapsed into 3 states OFF, ON’, ON” and showing

The rate diagram constructed for each source s I and s2 and the combined or correlated 

source is represented below: Additionally, bandwidth (B) is allocated. Combined 

bandwidth from all the sources exceeding B will lead to packet losses. Proper 

scheduling will lead to full usage of the channel, and hence multiplexing gain.

Source 1 has an average off period of l/or, and an average on period of 1//?,. Similarly, 

source 2 has an average off period as 1/or, and average on period of 1/ /?,. For the sake 

of simplicity in our simulation, we chose the amplitude of each source to be I. This then 

gave us the amplitude of state 2 as 2 and state 1 as 1.

The purpose of the simulation studies was to find out whether the ON and OFF periods 

in the combined source s3, was also exponentially distributed. To this end. we generated 

random variates which were exponentially distributred for the *ofF state in source I and 

similarly for the ‘on* state in source 1. A ‘vector* of ‘o ff and ‘on* states was formed by 

alternately mingling the ‘off ‘and ‘on* random variables generated. The off periods 

were assigned zero amplitudes and the on periods, an amplitude of 1. We went through 

a similar procedure to create a vector s2. By ‘combining* the vectors(see figure 6.4) of 

the same length, we formed the combined vector s3=sl+s2. The final thing we did was

equivalent model as a single source
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to decompose s3 into a vector o f ‘o ff  s and ‘on's. We then analyzed the distribution of 

the OFF and ON states. Our results indicated that the OFF and ON states in the 

combined sources for large samples (N>1100) exhibited exponential distribution.

Bandwidth allocation versus time

B

Channel not used channel not used time

Source I: onl

on2
Source2:

-OKI.
ON*

sl+s2:

ON

Figure 6.4: Rate diagrams for sources 1 and 2, and their combined effect i3=sl+s2

6.4.1.2: Simulation studies o f 2 correlated sources.

We further analyzed the distribution of times in states I and 2 separately. These 

further showed exponential distributions. The following graphs demonstrate our results.
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0 95

0 35
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0 65

2305

t (tune in msecs)

Figure 6 i :  Probability distribution of the OFF duration

0 95

0 9

0 85

0 8

0 75

0 65

t, (tone m msecs)

Figure 6.6: Probability distribution of ON duration in combined source s3
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1

0 95

05

0.85 N=4000 samples
0.8

0 75

0.7

0.65

0.6

0 55

0 5
6 8 10 120 144

t, (time in msecs)

Figure 6.7: Probability distribution of the ON' duration in combined source s3

i
0 95

0 9

0 35

0 3
N=4000 sam ples

0 75

0 7

0 65

a o

0 55

0.5 30 1 4 7o

t  (time m m secs)

Figure 6.8: Probability distribution o f the ON" state 2.
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6.4.2: Analytical Method

Consider two on/off sources with ‘on’ and ‘off* times exponentially distributed. We 

would like to determine the ‘on’ and ‘off* distribution of the combined source. This 

then allows us to calculate the effective capacity of two sources accessing a common 

buffer. To this end. we derive the cumulative distribution of two on/off sources, and 

apply the formula to two video clips, and then compare their distributions.

these sources constructed from the random numbers generated from the definition 

above, are presented in figure 6.4. above.

We want to find the probability distribution of both sources being in the ‘off state*. We 

can represent this mathematically as Pr (first source is off and second source is off}. 

Since these are independent events, this is equal to Pr{ first source is off }*Pr{ second 

source is off.}. The probability distribution of ‘o ff in the combined state can be written 

as Prob(off<x). Substituting the expressions, we have:

Prob(off<x) =Pr{x, =0} Pr{x,=0J 

= Pr{x, > x and x , < x } + Pr{x, < x and x , > x } + Pr(x, < x and x , < x }

= Pr{x, > x } Pr{ x , < x }+ Pr{x. < x } Pr{ x . > x } + Pr(x, < x } Pr{ x . < x }

=(1- Pr{x, < x} Pr{ x . < x}+ Pr{x, <x}(l-Pr{ x , < x} +Pr(x, < x} Pr{ x , < x}

= [I- Pr{x, <x}] Pr{ x , < x }+ Pr{x, <x} [I- Pr{ x, < x}] + Pr(xt < x} Pr{ x , < x}

= [exp (-x//l0#, )] [l-exp(-x/ Aoffz)] + [I-expf-x/A^,)] [ e x p ^ x /^ , )] *[ l-exp<-

Let and be two random numbers. The rate diagrams of
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x/A,# )]*[l-exp(-x/A„#2)]. This is more like hyperexponential (6.4)

The average off period for source I is denoted by 1/Alfn and the average off period for 

source 2 is denoted by 1/ AoffZ. The average on period for source 1 is denoted by 1/ A>nl 

and the average on period for source 2 is denoted by l/Aiml.

Substituting the values for the ‘o ff  parameters, we get the above probability of ‘o ff 

distribution in the combined state shown in expression (6.4) above. Figure 6.9 depicts 

the cumulative probability distribution of the ' off duration' in the combined source in 

the case of two sources.

0 4

0 3

0 2
3 7 105 3 o4I 0

X

t. (time tn msecs)

Figure 6.9: Probability distribution of OFF duration-analytical approach

Having found the probability distribution of the ‘off state*, we now derive a similar 

expression for the *on state' for the combined source. Still, using the definition of the 

random variables, the probability of an 'on state' occurs when one of several cases

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Pr
ob

ab
ilit

y 
(ON

 
du

rat
ion

 S
t)

70

occur: when both sources are on; when source one is on and source two is off, or when 

source one is off and source 2 is on. Writing this probabilistically, we get:

prob (on < x ) = Pr{x,= l }Pr{ x , = l } + P r{x ,= l} Pr{ source 2 is off}+ Pr{source 1 is 

on } Pr{ x , = l } = {I-exp (-x/Aunl)}{1-exp ( - x / ^ , )} + {l-exp (-x/A^, )}{exp (- 

)} * {exp (- yJKffi)H 1 -exp ( - X / / l<in, )} (6.5)

Substituting the values for the *on state’ and 'off state’ for sources 1 and 2, we get the 

expression in equation (6.5). Figure 6.10 shows that the cumulative probability 

distribution of the ‘on state' is exponentially distributed.

To complete this exercise, we then compared the analytical results with our simulation 

results. For the simulation, we used N = 8000 samples. Figure 6 .11 depicts a 

comparison of the ‘off state’ in the combined state for both the analytical method and 

the simulation method. Similarly, we compared the analytical and simulation approach 

for the ’on state’ in the combined state. The result is depicted in figure 6.10.

09

OS

06

03

0 4

03

t. (tune s till remains)

Figure 6.10: Probability distribution of the ON state in the combined source

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Pr
ob

ab
ili

ty
 

(o
ff

d
u

ra
ti

on
<

t)

71

i

095

09

08

0.75

0.7

06

9 10
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Figure 6.11: comparison of simulation and analysis CDF for off state
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«
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Figure 6.12: comparison o f simulation and analysis CDF ON duration
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To validate the formula for the cumulative distribution function of two on/off 

sources, we used two video clips and split them into on/off states using method 

described earlier. Figure 6.13 compares the analytic and measurement of the *on* state 

of the combined source whereas figure 6.14 compares the off state.

i

0 9

OS
A n a ly s is

M  e asuxem ent

0 7

0 6

0 4
20S 10 12 16 IS0 4 14

t, (tim e in  m sec)

Figure 6.13: comparison of CDF of analytical and measurement for ON duration
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1

095

09

035

08

075

0 7

2014 16 180 6 8 10 124

t. ( time in m secs)

Figure 6.14: comparison of CDF of analytical and measurement for OFF duration

The analytical expression for the cumulative distribution function of two sources 

compares with actual measurements. In the case of the 'on state*, the analytical values is 

initially below the measured value, then stays, for the most part above the measured 

value. But the difference in value decreases with time. Our choice of the threshold value 

accounts for the difference. Similarly, for the 'off state', the analytical values are 

initially below measurements, but deviates between times 4 and and 8 and then closes 

up again. It seems that the threshold will have to raised to decrease the rate of the cdf in 

both on/off states.
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6.5: comparison o f analytical and measurements

Recall that we treated the combined source as one source, since the network sees only 

one source regardless of how many sources access the multiplexer. Below we present 

the combined sources (zorro and clapton) sequence and compare their actual 

bandwidths with the effective capacity calculation at various lags equation (6.3)

Table 6.1: Comparison of analytical and actual effective capacities
(Bytes/sec) at various times in (sec).

Time (seconds) 0.5 1.0 15 2.3

Ceff 103030 101210 100290 95972

Actual 103000 101115 100295 96000

Steady state cap 89000 89000 89000 89000

The loss due to effective capacity without factoring in correlation is greater than the 

effective capacity with correlation factored in. It is observed that at times the effective 

capacity may be below the steady state capacity.

To test the validity of our effective capacity formula, a comparison of the cell loss was 

carried out from simulation and analytical point of view. The original trace (zorroty I ) 

served as the input to a multiplexer of buffer size of 20 cells, and an output link 

capacity of 5Mbps. The loss rate was computed as the ratio of rejected packets, due to 

buffer overflow, to the total number of arrivals.
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Using our effective capacity formula, as a function of correlation ( equation 6.1), we 

computed the bit rate for a given time. The ratio of the difference between our capacity

loss  r at e ,  a n a ly s i s

0 . 0 2 sim ulat ion

0 .018  - an a ly s i s

0 .016
Butfers ize= 20 ce l l s ,  c ap a c i t y  = 5M b p s

(B
(O10o

0 . 0 1 2

0 .006 0 5 1 0 15 20 25 30
s e c o n d s

Figure 6.15: comparison of loss rate for analytical and measurement (LR and M).

at that particular time and the steady state capacity, to that of our capacity at that time, 

was the loss rate. The buffer size was as above (20 cells), and the output link capacity 5 

Mbps. Figure 6.15 shows the loss rate for both analytical and measurement (LR and M) 

methods.

The procedure was repeated for the following pair of buffer sizes and link capacity:

(20 cells. 10 Mbps: 10 cells. 5Mbps: 10 cells. 10 Mbps). Figures 6.16.6.17, and 6.18 

depict the corresponding “LR and M” .
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Figure 6.16: LR and M
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Figure 6.17: LR and M
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Buffer s i z e  = 10 c e l l s .  C a p a c i t y = lO M b p s
0 . 1 2

0 .1  -

0 .0 8

e  o
-  0 .0 6  <0 
to o

t

0 .0 4

0 .0 2  U

10 15
s e c o n d s

20 25 30

Figure 6.18: LR and M

It is observed that the larger the buffer size the less the loss rate. As the output link 

capacity increases, more cells are served, thus emptying the buffer. This leads to 

reduced cell loss, in the case of ATM.

6.6 Application of Model to a queueing Network

In figure 6.19. we show a block diagram of a practical network showing network 

elements between the encoder up to the traffic admission point of the network. Figure 

6.19 shows where our on/off model is applied.
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Buffer Scheduler phase multiplexer network video receivers

queue

router
router

Traffic model

Video sources

Figure 6.19: Encoder and point of application of our on/off model

The traffic model stated in equation (6.1) takes into consideration the on/off times, as 

well as the correlation among the traffic sources. In the past, correlation among 

resources had not been taken into consideration. This new traffic model considers 

correlation. This offers the optimal use of bandwidth, leading to loss reduction, or over 

allocation of bandwidth.

In using the model, the variable bit rates form the encoder are buffered and transmitted 

over a constant link capacity with ‘on’ times being the transmission times, and 'o ff 

times being the time before the next transmission.

The effect of correlation could also be reduced by randomizing the starting frame of 

each source. If the starting frames of ail sources are I-frames. we say we have the 

highest alignment. On the other hand, if the starting frames are B-frames. we have the
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lowest alignment. Figure 6.20 shows the effect of highest and lowest alignment. The 

highest alignment leads to a higher loss, and the lowest alignment will lead to a lower 

loss. Random alignments in between the two extremes leads to loss in between [23].

(B, B. B frames)(I, I. I-frames)

a) Highest alignment b) Lowest alignment

Figure 6.20: Alignment scenarios 

6.7: Bandwidth Allocation Ratio versus Autocorrelation

What bearing does knowledge of a traffic correlation have on bandwidth allocation? 

From section 6.2.1. it was discussed that as correlation approaches zero, that is at the 

steady state, effective capacity approaches the steady state capacity. Table 6.2 lists the 

bandwidth allocation ratio versus correlation. The results are depicted in figure 6.21. 

Highly correlated traffic will tend to consume more bandwidth, and hence their 

allocation ratio will be high. Table 6.2 shows some numerical results of autocorrelation 

and bandwidth allocation ratio.
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Table 6.2: Bandwidth Allocation ratio and autocorrelation

corr .2588 .3070 .3597 .4009 .5474 .6579 .6798 .7149 .8596 1.000

Alloc .6726 .6862 .7021 .7276 .7707 .7998 .8055 .8103 .8344 .8733

Allocation Ratio ver sus  Correlation
0.9

0.85 -

0.8  -

0.75 -

0.7 -

0.65
0.2  0.3 0.4 0.5 0.6 0.7

Correlation Coefficient
0 .8 0.9

Figure 6.21: bandwidth allocation ratio vs. correlation coefficient
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6.8: Effect of short and long range dependency on Bandwidth Allocation

In equation (6.1), the effective bandwidth in the transient duration decayed to a 

steady state. Recall also that the effective capacity in the short range increased and 

settled to a steady state, depending upon the ‘initial on state probability*. In the long- 

range the effective capacity at an initial point of observation closely approximates the 

effective capacity at a future point of observation. This is the steady state capacity (see 

figure 6.2). We will revisit the short and long range dependency in figure 7.3, sections

7.1.3 and 7.1.4.

6.9: Mathematical characteristics of Bandwidth Allocation

Multimedia data often exhibits a high degree of burstiness in its flow(such as in 

MPEG video with variability in scene contents and scene changes). The burstiness 

manifests itself in the form of random fluctuations in data flow rates at various time 

scales[15. 38]], and plays a role in determining the bandwidth needs.

We define burst ratio T] and an allocadon ratio y as follows[31. 39]:

where b is the actual bandwidth to be allocated, avg is the average rate and P. the 

peak rate. For Variable bit rate traffic, avg < P. and avg < b < P. Let us now define 

burstiness as:

avgBurstiness = 1 - ------.
P
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This definition may be misleading, for a traffic could exhibit a continuous flow and 

may be bursty at only a single instant of time, leading to a high index of burstiness. 

To overcome this problem, we observe the amount of data within a window of time, t 

to t + r . The average, avg, is then computed as:

This smooths out the instantaneous burstiness. The average of the various peaks is 

then the new Peak used to calculate burstiness. Hence, instantaneous burstiness are 

smoothed out.

The question then is how burstiness impacts on bandwidth allocation. From the 

definition, burstiness increases as the peak rate increases, and decreases as the average 

increases. As the average approaches the peak, burstiness is zero. From figure 6.23. 

it can be seen that as the burst ratio increases, bandwidth allocation ratio increases. 

Also, as burst ratio decreases bandwidth allocation ratio decreases. Low burst ratios 

lead to high index of burstiness. and the network allocates more bandwidth. This is 

seen by the arrow above the diagonal. High burst ratios lead to low index of 

burstiness. and the network tends to under allocate. This is seen by the arrow below 

the diagonal. Table 6.3 gives some numerical results from the Zorroty I sequence.

avg = (t, r ) = -£■ where r  > 0.
r
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Table 6.3: Allocation ratio and burst ratio from zorrotyl sequence.

Y .6726 .6862 .7021 .7276 .7707 .7997 .8055 .8104 .8344 .8733

n .3453 .3724 .4043 .4552 .5415 .5994 .6110 .6207 .6688 .7446

Allocation wrs us  Burst Ratio
0 . 9 -------------------------------------------------------------------------

0.85 >-

5  0.8  -

c
o
no

0.7 -

0 . 6 5 ----------------------- -----------------------------------------------------------------------------------
0.3 0.35 0.4 0.45 0.5 0.55 0.6 0.65 0.7 0.75

Burst Ratio

Figure 6.22: BW allocation ratio vs. burst ratio for zorrotyl sequence

Thus, we have shown that mpeg video traffic can be described in terms of its 

burstiness, correlation, and its long-range dependency. Since it is describable in terms 

of actual parameters, it can be controlled. Appropriate parameters can therefore be 

chosen when designing networks that will carry these traffic types.
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Summary

We have characterized a relation between effective capacity and correlation, and have 

shown that as correlation becomes zero, our effective capacity formulation becomes that 

of the independent steady state effective capacity. We showed that the loss rate in the 

case of the correlated source was higher than that of independent steady state capacity. 

Network engineers need to consider this fact, particularly when considering variable bit 

rate Mpeg-2 video sources with strong correlation. As an extension of this work, we 

examine in the next chapter cases, where the effective capacity as a function of 

correlation is below the steady state effective value. This is termed 'effective capacity 

switchover.*
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7. EFFECTIVE CAPACITY ABOVE AND BELOW 

STEADY STATE (SWITCHOVER)

Effective capacity as a function of correlation in several moments of video clips 

demonstrates interesting behavior. In several cases of analysis, it is observed that 

depending on the parameters of the source, effective capacity may be below or above 

the steady state value in short time interval. We call this "Switchover." In this chapter, 

we focus on such behavior and try to explain the implications.

Beginning with earlier effective capacity formulation [3-7]. and for a two-state on/off 

source, the effect of correlation was captured analytically. It was observed, that 

depending upon the transition parameters, the effective capacity formula as a function 

of correlation, switched between positive and negative slopes. This means that the value 

of the effective capacity is sometimes above or below the steady state. This chapter 

investigates what causes the ‘switch over’, and what impact this has on network 

performance.

We begin by first developing the effective capacity formula as a function of 

correlation and time, and show that as time goes to infinity, our effective capacity 

formulation becomes the steady state formula developed by several authors [3-7]. 

Similarly, it is shown that as correlation tends to zero, our formula approaches, 

again, the steady state capacity. Effective capacity above steady state has a negative 

slope and tends to zero. On the other hand, effective capacity below the steady state 

has a positive slope, but also tends to zero. By examining the derivative of the
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effective capacity expression with respect to time lag, the notion of a 'switch over’ is 

arrived at. The probability of the ‘on state' at time zero greater than the ‘switch over' 

implies effective capacity above the steady state capacity. Conversely, the 

probability of the ‘on state' below the ‘switch over' implies effective capacity below 

the steady state. It is further shown that, if the probability of the ‘on state' at time 

zero equals the ‘switch over', the two effective capacities are equal, and the slope is 

zero. Finally, we examine the performance of the effective capacity as a function of 

correlation formula, both above and below the steady state capacity, in terms of its 

cell loss rate.

7.1 Attributes of the effective capacity formula

Recall in chapter 6, that for an on/off source switching randomly at the rates a  (off to 

on) and p  (on to off) states, we get, for a two-state Markov Chain, the effective 

capacity:

C_eff = —
e

Rp a  + p  + (a+p)eja^'' ( a - ^ y g ) [ p , ( 0 ) - ^ p ; ( 0 ) k ^ ,a ^ ,,
20 20 20

RP a + p   ̂ (a + p ) e ^ '  (a+p){p,(Q)+p1(0)Y'a+,i" 
2 26 20 20 

- ( 6. 1)

- - f  [{<*1 )}+  p,(0)ew , '(a + £ ) ]
0

As t —»oo. C_eff reaches a steady state capacity defined by earlier authors [3-7]. 

This becomes, after some algebra.

C eff = — = 
0

RP a  + p rl a + P r aR 1p

i 
■■ u i i 20 0

(6.2 )
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M is the number of states; p is the steady-state probability of the ‘on’ state, and A is 

the average transmission rate. Incorporating the correlation, we get as in chapter 7,

C eff = — =e
R.. a  + 0  

20

a + 0 a
2 20 0

1 —
Rxx(t)

MAA2p(\ — p)
+ pt(O)(a + 0) Rxx(t)

MAA2p(\ — p)
(6.3)

7.1.1 Examining the slope

Taking the derivative of the effective capacity as a function of correlation, with 

respect to time lag, t, gives the following result:

[-aR + (a+ 0 )R  p l(0)][-(a + 0)MAzp n - p)cxp(-(a+0)t)]

20MA: p( I — p) Rp a + 0

1

ri

in
. i e

Rxx(t) _ a Rxx(t)a{ I —tt-t;— :-------)+ px(Q)(a + 0)-
MA'pd — p) MA'p( I -  p)

> 0. for positive slope (7.1)

Setting the derivative greater than zero for effective capacity with positive slope, it is 

found, after some algebra, that p , (0) < a K  a  + 0 ). Conversely, p , (0) > a / ( a  + 0)  

is found when the derivative is set less than zero, for effective capacity with negative 

slope. The ratio, s = a / a  + 0 )  captures the ‘switchover*. This ratio is the 

probability of the ‘on state' at the steady state.

7.1.2: Insight into p , (0).

For the sake of simplicity, the probability of the ‘on’ state at time zero (p, (0), 

will simply be called P. If P is defined as a / ( a  + 0 ), then
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dP B—   ---- —— -  > 0 , for B kept constant, and
da  (a + p y

dP - a
dfi (a + P)

r  < 0 . for a  kept a constant (7.2)

This implies that the change of the probability of the ‘on’ state with respect to a  is 

positive ( P  constant), and negative for all p  ( a  constant). Figure 7.1 below, is a 

plot of P versus a . with P  constant and figure 7.2. a plot of P versus p .  IfP* is

a *defined as: P* =
(a * + p *)

, the steady state probability, then P’ greater than P* can

be defined as:

_• a' a  *P =  — >
ia'+p’) (a * + p *)

 (7.3)

P

aa

Figure 7.1: Probability of the "on" state at time zero vs alpha
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i i i i

P 1.0

Figure 7.2: Probability of the "on" state at time zero vs. beta

From figure 7.1. P’ corresponds to which is greater than a* .  From figure 1.2.. 

p ' has to be less than /? * for (7.3) to hold. 1/ f t ’ then has a longer duration during 

the ‘on’ state and leads to effective capacity above steady state. A similar analysis 

holds for the reverse process and leads to effective capacity below the steady state.

Intuitively, when p, (0) (the probability of the *on state’ at time zero), is chosen 

less than the ‘switch over’, the effective capacity will be less than the steady state. 

This means that the bit rate injected into the network initially will be less than at the 

steady state. Conversely, when p , (0) is chosen above the ‘switch over*, higher bit 

rates will be injected into the network initially. Below, we present p , (0) less than 

and above a l a  + fi) to denote effective capacity below and above the steady state 

capacity, respectively.
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7.1.3 (pl(0)<S)

The parameter a  is chosen as 0.3 and /? as 0.4. Then S = .3/(.3+.4)=.429. For 

effective capacity below the steady state. pl(0) is chosen less than S. As an example. 

pl(0) is chosen as 0.9 * S. Here, we see in (figure 7.3), the effective capacity below 

the steady state capacity and eventually reaches the steady state.

7.1.4 (pl(0) >S).

Here again, a  = .3 and p  = .4 and p , (0) is chosen 1.2 times the ’switchover’. The

effective capacity is above the steady state capacity, (see figure 7.3).

Figure 7.3 further shows that when the ‘switch over’ point is exactly equal to the ’on 

state', the effective capacity is equal to the steady state capacity

0.48

0.47

0.46

0.45

0.44

0.43

0.42

0.41
I 2 3 4 5 6 7 8 9  10

Tine in second

Figure 7J : effective capacity above and below steady state
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7.2 Steady state behavior of effective capacity

C ase 1 : effective capacity above steady sta te  (Negative slopes)

The slope of the effective capacity above the steady state capacity is negative. This 

means that, although higher bit rates are initially injected into the network, there is a 

gradual decrease (or rate of change) in the bandwidth injected until it reaches the 

steady state capacity.

C ase 2: effective capacity below steady sta te  (positive slopes)

The slope of the effective capacity below the steady state capacity is positive. This 

means that initiallv there is an increase in the bit rate, increasing it bv a lesser amountw w  m

until the steady state is reached. In other words, the rate of increasing the bit rate 

decreases till it reaches zero. Figure 7.4 demonstrates this behavior for the two cases 

discussed above.
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Figure 7.4: positive slope for pl(0)<S and negative slope for pi(0) < S 

7 3  Performance Analysis of ATM networks

The simulation tool. Queuing Plus (Q+). used for our setup was developed by Bell 

Labs in their Performance Analysis Department [36]. We set up a simple queueing 

network with the link capacity from the source to the buffer as 155Mbps to ensure an 

‘on* state without spacing. The output link from the buffer to the network was 5 Mbps. 

The size of the buffer was 530 bytes (4240 bits). The loss rate was defined as the ratio 

of the number of losses as a result of buffer overflow to the total number of arrivals.

The analytical loss was defined as the difference between the bandwidth and the 

steady state bandwidth. This was done different times.
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Below, we present a comparison of loss rates between simulation and analysis. Figure 

7.5 shows that the analytical model closely matches that of simulation in terms of the 

loss rate. The graph further shows that the loss rate in the transient state may be 

substantial. Network designers must incorporate this fact in the allocation of 

bandwidth so as to meet the quality of service.

In the short time interval, the injection of bit rates into the network may be at a rate 

higher than the allocated steady state capacity, and may lead to losses. On the other 

hand, the injection of bit rates into the network may be less than the steady state 

allocation, leading to a wastage of bandwidth (over allocation).

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



lo
ss

 
ra

te

94

C el l  L o s s  v e r s u s  t i m e  f o r a  f ixed buffer

 S im u ia t ion
0 . 0 9

A n a ly  t i c a
0 . 0 8

0 . 0 7

0 . 0 6

0 . 0 5

0 . 0 4

0 . 0 3

0 . 0 2

3530 4020 251 0 150 5
tim e in s e c o n d s

Figure 7.5: loss rate for effective capacity above steady state 

Summary

By means of analysis, it has been shown that depending upon the choice of p 1(0) in 

terms of al{ a  + f i ) . the probability of the *on state* in the steady state, the value of the 

effective capacity could be above or below the steady state capacity. It was shown that 

the slope of the effective capacity above the steady state was negative and tended to 

zero as time approached infinity. Conversely, the slope of the effective capacity below 

the steady state was positive and asymptotically approached zero. When the capacity is 

equal to the steady state capacity, the slope is zero. Finally, we examined the
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performance of our effective capacity formula in terms of its cell loss probability. In 

the transient time interval, cell loss can be substantial, and may lead to degradation of 

picture quality. Network designers must consider this fact of cell loss for correlated 

sources when designing networks so as to meet the quality of service demands.

In practice, the number of sources could be several. Hence, we extend our treatment 

of chapters 6 and 7 to include several correlated sources. Chapter 8 will discuss this.
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8. EFFECTIVE CAPACITY FOR MULTIPLE SOURCES

A two-state on/off source model can be used to calculate the effective capacity of 

several heterogeneous, correlated sources. The network access point can see only one 

stream despite the fact that several sources have combined to form this stream. Since 

the resultant stream is a single stream, we can model it as an on/off source, but with an 

atq (off to on) and a (on to off). The diagram below depicts this model:

A

Figure 8.1: Several correlated sources seen as a singe source

cctq = f ( a , . /?,, or., /? . a x .p s ) and
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Our analysis of a single source gets extended to the multiple source by combining all 

sources as a single on/off source with equivalent transition durations from off to on 

and vice versa, expressed as a function of source parameters (see 8.1). All analysis from 

chapters 6 and 7 carry over, and intra-frame correlation is replaced by an overall auto- 

and-cross correlations.

Earlier authors [3-7] have assumed the sources to be independent, not correlated. In 

this section, the effect of overall correlation has been incorporated. In the short time 

interval, the model introduces the 'initial on state probability" (IOSP) of the equivalent 

or resultant stream. Depending upon the value of the equivalent IOSP', the value of the 

effective capacity may be above or below the steady state capacity. A similar 

explanation for ‘IOSP* holds as in the case of a single source. Additionally, the impact 

of correlation and IOSP’ on network performance, such as cell loss in an ATM network, 

is investigated.

8.1 Equivalent formula.

An equivalent on/off source of several sources, has equivalent transition probabilities 

p„,(t) and p„, (t) has a transition matrix. Q eq

~ P n  l<'> Pn  iff)

Pn'S" -P n 'S"

p nl (t) is the probability of being in the ‘on state" at time t. and p n2 (t) is the probability 

of being in the ‘off state" at time t. The transition parameters p  and a  are

exponentially distributed, and denote the rate from ‘on’ to ‘o ff  state and *ofF to ‘on*
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respectively in the equivalent model. Table 8.1 shows the equivalent on/off times for 

two sources

Table 8.1: Equivalent alpha and beta transition rates for the equivalent model.

Alpha Beta N (# of samples)

Source I 2.00 1.00 3400

Source! 1.90 1.10 3400

S3=S1+S2 1.55 1.30 3400

In [37], it has been shown that:

P., It) = — 2 a — [1 - e ~ ° " “ 1 + p . ,< 0 ) o - ° ~ " and
+ A,r - t i f

p„, (0) is the initial on’ state probability that was discussed earlier.

In addition, the source steady state probabilities k  = [Knl.xnl\ can be

calculated from the relation
* & „ = 0  
2 X  = i

Q’ = Q * (atH + ) + 6 A , where A = diagonal of rates A, and A,. In this case

A, =0 and A~ = R,r „ . the peak rate.

To calculate the effective capacity C_eff. the maximum eigenvalue, Z. is divided by 

6 , where Q =Log ( l/PL)/x: PL is the probability of loss and x is the variable 

denoting the buffer size.
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To find the eigenvalues, we set the determinant of (ZJ —Q') = 0.

After some algebraic manipulations, we get, for a two-state Markov Chain the effective 

capacity:

C effN = — = 
0

Rpn [
2 20 20

 ̂Pro Peq)[pnl(Q) + Pnl(0)\e 
20

F t - 20 0

P.. (0) + Pm <°>=l

As t —»oo, the effective capacity reaches a steady state capacity. This becomes, 

after some algebra.

Q . v  = S1 = 1
R‘p (a +p,) 
2 20

Rr l a .+ f i )  
2 20

+ —La R L ,8.3, 
6

This is the sum of the effective capacities of the individual independent sources.

Observe that equation (8.3) is time independent and depends on the steady state 

transition rates a  , and /? . and the peak rate. Rp ' and 0 .

8.2 Factoring in correlation effect

The correlation derivation shown in chapter eight can be extended to multiple 

sources. Consider two processes x (t) and y(t) which are jointly wide-sense stationary
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(WSS — meaning their means are constant and autocorrelation depends only r  = t , - t; , 

and E{x(t+r )x*(t)}=R „  ( r  ), and E{y(t+r )y*(t)}=Riy ( r  ) ). Then the process z(t) = 

ax(t) + b y (t), will have autocorrelation R s  (t) = |a |2 R ̂  (t) + ab*R (t) + 

a*bRre(t) + |b |2R „ (t).

Notice that this is equivalent to the autocorrelation of the individual sources plus their 

cross-correlations. For three processes, x(t), y(t) and z(t). the autocorrelation of the sum

of such processes will be R w ( r  ) + R XT ( r  ) + R ^  ( r  ) + R „ . ( r  ) +R „  ( r  ) + R ( r ) 
+
R 2 ( r )  + R a . ( r )  + R Z!. ( n .  For N such sources, we can form a NxN matrix of 

auto and cross correlations.

Here. R „ is the autocorrelation of source i. i = 1.2 N. and R ,, is the cross-correlation

of sources i and j, with i *  j.

The effective capacity formulation, as a function of correlation, can be extended to 

include N such on/off sources. In that case the modified formula would be the same as 

(6.3) by replacing

a  with a rq, with Peq, A with A^.Pwith P„.Rxx with R p,(0) with 
pnl(0 ) .R  , with R ^ .

The physical meaning of this substitution is that multiple correlated sources could 

behave like a single source. When the sources are not correlated, the formula boils
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down to the sum of N independent heterogeneous sources shown below: 

Ceff_  JV =  | ;
1=1

K  (a ,+ A > J K  («, + A )
2 29

i
2 20

a,R!,

e

10.15 

1 0 . 1  

1 0 . 0 5  

1 0 

9 . 9 5  

9 . 9  

9 . 8 5  

9 . 8  -
t

9 . 7 5

9 . 7  jc- 

9 . 6 5

Below is a graph o f three sources treated as correlated and independent sources.

x i o *  Ef f cap  a n d  Lag .  A l s o  S h o w i n g  S t e a d y  S t a t e  C a p a c i t y

p 1 (0) for t h r e e  s o u r c e s  a b o v e  s t e a d y  s t a t e  
probab i l i t y

s t e a d y  s t a t e

p1 (0) for 3 s o u r c e s  b e l o w  s t e a d y  s t a t e  p r obab i l i t y

5 6
tim e in s e c o n d s

1 0

Figure 8.2: Three sources treated as independent and correlated

As Rww(t) approaches zero, with t tending to infinity, equation (8.2) becomes the 

steady state capacity. As was mentioned in the introductory statements, a network will 

carry a variety of traffic streams multiplexed together. The formula above captures a 

relation between correlation and bandwidth. Appropriate relation between bandwidth 

and correlation will aid network providers to allocate the necessary resources.
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8.3 Transient behavior of effective capacity

Taking the derivative o f the effective capacity as a function of correlation, with 

respect to time lag, t, gives the result as in a single source (7.1) by replacing

a  with a ^ ,  0  with , A with <4,,,Pwith /^R x x w ith  R ^ ,  p x{ 0) with />.,(()), R , 
with R ̂

The analysis in section 7.1.2 through 7.2 hold for multiple sources. Following the 

analysis in the sections above, the slope for the correlated sources can be derived for 

above and below steady state. Figure 8.3 presents our results.

x i Q ' 3 S I ° p e s  fo r  e f f e c t i v e  c a p a c i t y  b e l o w  a n d  a b o v e  t h e  s t e a d y  s t a t e
2  _

I !
t- ;I

1 (-

o i

-2 1-
!

-3 i -  -
i :

_4 !------------------------------------------------------------------------------------------------------------------------------------------------------- i
1 2 3 4 5 6 7 8 9  10

t i m e  in s e c

Figure 8.3: Positive slop for pnl(0) < S and negative slope for pnl(0) > S
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8.4 Transition rate parameters

The effective capacity formula assumes that the source is a two-state on/off, and that the 

transition times from 'off * to 'on’ and vice versa, are exponentially distributed. The 

Mpeg-2 frame rate is 30 fps. This means that there is 33ms or 1/30 seconds in between 

two consecutive frames. To find the distribution of the on/off states, two random 

variables are defined: 

x = time taken for source to emit frame (’on’ period) 

y = .033 - x, off period time before next frame

Consider several on/off sources with ‘on’ and ’ofF times exponentially distributed. We 

would like to determine the ’on’ and ‘o ff distribution of the combined source. This 

then allows us to calculate the effective capacity of several sources accessing a common 

buffer. To this end. we generalize the cumulative distribution of two on/off sources to 

include several sources, and apply the formula to several video clips.

rate diagrams of these sources constructed from the random numbers generated from the 

definition above, are shown for three sources.

For each source. 8.000 random variates which are exponentially distributed with mean 

’o ff  times equal to .2 .2 .3 for source I and 2 respectively, and mean ’on’ times were .1, 

. I and .2 repectively.

We want to find the probability distribution of both sources being in the ’off state’. We 

can represent this mathematically as Pr (first source is off and second source is off and

Let be several random numbers. The
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nth source is off}. Since these are independent events, this is equal to Pr{ first source is 

off }*Pr{ second source is off.} *pr(nth source is off). The probability distribution of 

‘off in the combined state can be written as Prob(off<x). Substituting the expressions, 

we have: Prob(off<x)

= Pr{x, < x and x , > x and x , >x } + Pr{x, > x and x , < x and x , >x } + 

P r ( x , > x a n d x ,  > x and x , <x} + Pr{ x , < x and x,  < x a n d x , > x j +

Pr{ x , < x and x , > x and x , < x }+ Pr{ x , < x and x , > x and x , < x }+

Pr{ x , < x and x , < x and x , < x}. (8.5)

For n sources, there will be 2" -1 terms.

The number of 'offs' in each term is given by

("C, +"C; + .. .+nC„). Here, n = the number of sources.

Similarly the Prob(On<x) for 3 sources will be:

= Pr{x, is on}*Pr{ x , is on}*Pr{ x , is on} + Pr{x t is on}*Pr{ x , is on}*Pr{ x , is 

off}+ Pr{x, ison}*Pr{ x , isoff}*Pr{ x , ison}+Fr{x, ison}*Pr{ x , isoff}*Pr{ x, 

isoff}+Pr{x, isoffJ^Pr} x , isonJ^Pr} x , ison}+Pr{x, isoff}*Pr{ x , ison}*!^} x, 

isoff}+Pr{x, isoff}*Pr{ x , isoffJ^Pr} x , is on}.

The number of terms for n sources is 2" - I.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



A
m

pl
it

ud
e

105

J

500 oOO100 200 300 4000

Frame number 

Figure 8.4: Combined effect of 3 sources

The average off periods for sources I. 2. and 3 are denoted by l/A)rn. 1/Xaff2 and 

, respectively. Similarly, the average on periods for sources I, 2 and 3 are 

denoted by l/A,mI. 11 Kni “ d 1/A,„.. respectively.

Substituting the values for the 'o ff parameters, we get the probability of ‘o ff 

distribution in the combined state shown in expression (8.5) above. Figure 8.5 depicts 

the cumulative probability distribution of the ' off state' in the combined source in the 

case of two sources.
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Figure 8.5: Probability distribution of OFF duration

Having found the probability distribution of the ‘off state*, we now derive a similar 

expression for the ‘on state* for the combined source. Still, using the definition of the 

random variables, the probability of an ‘on state* occurs when one of several cases 

occur: when both sources are on: when source one is on and source two is off. or when 

source one is off and source 2 is on. Writing this probabilistically, we get:

prob (on < x ) = Pr{x,=l }Pr{ x . =1} + Pr{x,=I} Pr{ source 2 is off}+ Pr{source 1 is 

on } Pr{ x, =1} = {I-exp (-x//lonl)}{l-exp (-x/A ^,)} + {l-exp (-x/A ^,)} (exp (- 

(-x/A ^,)}{I-exp (-x/Aot2 )} (8.6)
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Substituting the values for the 'on state' and 'off state* for sources I and 2, we get the 

expression in equation (8.6). Figure 8.6 shows that the cumulative probability 

distribution of the 'on state' is exponentially distributed.

i
095 

0 9  

0 2 5  

02  

0 75 

0 7 

0 6 5  

0 6  

0 5 5  

0 5
1 2 3 4 5  6 7 8 9  10

t. (tim e in m secs)

Figure 8.6: Probability distribution of ON state in the combined sources

8.5 Comparison of simulation and analytical expression

We used actual video clips and split them into on/off states using the approach in 

section 3 described earlier.
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Figure 8.8: Comparison of CDF OFF state-analytical and measurement
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In the case of the ‘on state*, the analytical values is initially below the measured value, 

then stays, for the most part above the measured value. But the difference in value 

decreases with time. Similarly, for the ‘off state*, the analytical values are initially 

below measurements, but deviates between times 4 and 8 and then closes up again.
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9. CONCLUSIONS

We have examined various traffic models, and have particularly worked on the 

autoregressive model that captures scene changes. We have done so by introducing the 

periodicity of the I-frames according to the mean scene-length distribution and the mean 

bit rate distribution of the I-frames. It was shown that more I-frames passed the 

'threshold mark test' for a scene change in our model. This is because the mean and 

standard deviation of the I frames in our model closely matched that of the original 

trace. The autoregressive model without capturing scene changes, had a mean and 

standard deviation of I-frames much smaller than the original trace. This shift to the left 

indicated not too many I-frames passed the 'threshold mark test' for a scene change. 

When we passed all three traces (the original trace, the AR without scene changes 

captured, and the AR with scene changes), in a simple queueing network, the loss due to 

AR model with scene changes closely matched that of the original trace; whereas, the 

loss due to AR model without scene changes was much lower than the original.

This means that our model outperformed the autoregressive model without capturing 

scene changes.

Additionally, we have established a relation between correlation and effective 

capacity, and have shown that as the time approaches infinity, that is. at steady state, 

the effective capacity becomes that of the steady state capacity. At the steady state, 

correlation is zero, and the effective capacity as a function of correlation boils down 

to the steady state capacity. Also, we have tried to explain the concept of the 'initial
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on state probability/ that depending upon the ‘initial on state probability,* effective 

capacity could be above or below the steady state capacity. Intuitively, when p , (0) 

(the probability of the ‘on state’ at time zero), is chosen less than the ‘switch over*, 

the effective capacity will be less than the steady state. This means that the bit rate 

injected into the network initially will be less than at the steady state. Conversely, 

when p , (0) is chosen above the ‘switch over*, higher bit rates will be injected into 

the network initially. Network designers ought to take this into consideration, 

especially when assigning bandwidth to highly correlated traffic such as Mpeg-2 

traffic so as to avoid cell loss, or over allocation of bandwidth.

CONTRIBUTIONS.

Our main contribution has been in two areas, namely: 

a) The Autoregressive Model b) Impact of correlation on effective bandwidth.

Previous work in the autoregressive model had been applicable to low activity scenes 

such as videoconferencing. This model successfully captured the frame-to-frame 

correlation, because frame-to-frame content did not vary that much. With variable bit 

rate, as in Mpeg -2 . With the introduction of Mpeg-2, a modification to the 

autoregressive model became necessary

Our work in the autoregressive model, not only captures the fhume to frame
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correlation, but also scene changes. Such scene changes are normally captured in the 

generation of the intracoded ( I ) frames. Since the intracoded frames occur periodically, 

according to the length of the Group of Picture (GOP), these I frames are introduced as 

such. A further study indicated to us that since our objective was to capture scene 

changes, then the I frames must be introduced according to the mean of the scene length 

distribution, and the I frames bit rate distribution.

Another contribution has been in the area of traffic correlation, particularly when it 

comes to video traffic. Previous authors [3-7] realized the existence of correlation but 

have assumed the traffic sources to be independent, since they were concentrating on 

the steady state. Hence the total effective capacity has been the additive sum of the 

individual effective capacities. Our model takes into consideration both the individual 

capacities, as well as the correlation among sources. Hence, given a traffic source, we 

can find the on/off times and the correlation, and hence can calculate the effective 

capacity at a particular time. Of particular interest is the transient time interval. The 

difference between the transient capacity and the steady state capacity (no correlation 

considered), could be significant, leading to considerable loss.

Our effective capacity formula out performs that of models without considering 

correlation. In the steady state, correlation approaches zero, and hence our model boils 

down to the steady state formula. Another interesting feature of our model is that, 

depending upon a parameter called ‘switchover.' effective capacity can either be above 

or below the steady state. Allocating bandwidth to capacity below steady state will lead
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to over allocation, and a wastage of bandwidth and under allocation will lead to 

substantial losses. Network designers can factor this fact when allocating bandwidth.

FUTURE WORKS

As a future work, we will examine the range of standard deviations of the scene length 

distribution and the distribution of the bit rate of the I frames that lead to a more robust 

design. Attention will be given to P frames. These also change when there is a scene 

change. Additionally, we will look at our effective capacity formulation as we increase 

the number of sources. As further research, we shall look at what happens when there is 

more than one multiplexer.
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APPENDIX

For AIC and Yule-Walker estimates consider this: Given an order P. we use Yule- 

Walker estimates or, a p as parameter for the model AR (P) process of a given time

series y ,. They are obtained by solving the following system of linear equations:

Pa Pi Pp-z Pp-i
1 1 I-<i _

_

Pi Pa Pp-i P P-\ a 2 H

..

_Pp-i P  p-z Pi Pa 1 Ji>
 

.
i i ^ 

. 
i.

We estimate the process order P by minimizing Akaike's Information Criterion 
(AIC) which is defined by

i

I  P
A IC  ( P  ) =  log a  ; + ----------

N

where cr is the variance of the residuals.
Pm
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Figure A .l: Q-Q plot for the Zorro GOP

For the probability density function fitting, we use Q-Q plots. Q-Q plots are used to 

assess whether data has a particular distribution, or whether two data sets have the same 

distribution. If the distributions are the same, then the plot will be approximately a 

straight line. The ‘quantile' indicates data being segmented into quarters. The line 

quantile plot connects the first and third quarters.
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Figure A 3: Empirical vs. Model Q-Q plot
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