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Abstract. It is predicted that, in the near future, the trans- This type of source can be deleterious to networks, since
port of compressed video will pervade computer networksit can cause severe data loss if network resources are not
Variable-bit-rate (VBR) encoded video is expected to be-properly allocated. One way to ameliorate this difficulty is to
come a significant source of network traffic, due to its ad-control the output bit rate of the encoder. This is referred to
vantages in statistical multiplexing gain and consistent videaas constant-bit-rate (CBR) encoding. A CBR encoder’s out-
quality. Both systems analysts and developers need to assegst bit rate is nearly constant, making it possible to transport
and study the impact these sources will have on their netits output using a fixed-rate channel. This makes bandwidth
works and networking products. To this end, suitable statisti-allocation simpler and also renders the video source more
cal source models are required to analyze performance me&menable to traffic policing. However, CBR encoding has
rics such as packet loss, delay and jitter. This paper providethe drawback that video quality (distortion) varies signif-
a survey of VBR source models which can be used to drivacantly in order to maintain a constant bit rate. Also, the
network simulations. The models are categorized into fourdesired bit rate needs to be determined up front, which for
groups: Markov chain/linear regression, TES, self-similarsome applications, such as the real-time encoding of a live
and i.i.d/analytical. We present models which have been usedporting event, might not be optimal since a worst case bit
for VBR sources containing moderate-to-significant scenerate might be chosen.
changes and moderate-to-full motion. A description of each An alternative to CBR encoding is variable-bit-rate
model is given along with corresponding advantages anqdVBR) encoding. VBR does not attempt to control the output
shortcomings. Comparisons are made based on the complekit rate of the encoder, so distortiodoes not vary signifi-
ity of each model. cantly. One way to accomplish this is to keep the quantizer
step size fixed. However, this makes the output bit rate of
Key words: Video modeling — VBR — Variable bit rate — VBR encoders vary considerably, making bandwidth allo-
MPEG — H.261 — TES - Self-similar cation difficult. On the other hand, this variability increases
the opportunity for improvements in statistical multiplex-
ing gain (SM@®). Figure 1 depicts the basic trade-off be-
tween distortion versus bit rate for compressed video. We
observe that distortion varies as an encoder controls the bit

- : rate (CBR), but if the encoder controls distortion (VBR),
grr]ees;?c::: msgfr\]/ e;gphn ezgtlo{ﬁtaﬂd;égs [fg]r S/:%Ea(laﬁdgi c;c;rg then bit rate varies. This behavior highlights the basic dif-

_ ; ; ; ferences between CBR and VBR encoding.
MPEG-2 [4], has made it feasible to transport video data Increases in SMG occurs due to the fact that the likeli-

over computer communications networks. It is predicted tha

in the near future, transporting video over computer r]e,[_hood of multiple bursty sources simultaneously transmitting

@t their peak bit rates is small. One of the first investigations
on a renewal procees (e.g., Poisson process), traditionall garding the SMG of encoded video was done by Haskell,

used in the analysis of telephony networks, are not adequat ho found that a 2:1 gain was achievable when multiplex-
to model video traffic. This is due to the fact that the Poisson——7-——

process assumes that arrivals are independent whereas forl Distortion is a coarse measure of video quality and is measured in
compressed video, they are not. In consequence, new modfms Of signal-to-noise ratio (SNR).

| ded d ib d vid 2 |n the literature, two definitions of SMG have arisen. One is the ratio
els are needed to describe compressed video sources, aﬁqhe multiplexer output link utilization forV VBR sources compared to

derive attendant performance measures. only one source, given the same packet (cell) loss probability. The second
Compressed video is a traffic source which can have highiefines SMG as the ratio of the number of VBR sources to the number of
peak-to-mean ratios and significantly high autocorrelationsCBR sources (preferably encoded using the same source material; however,
this is often not the case and is usualy estimated) which a multiplexer can
Correspondence taM.R. lzquierdo accommodate given the same link capacity

1 Introduction
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discuss the motivations and merits of each model. We also
- Simple VBR (Fixed ¢) describe how each model was validated and the number of
parameters used by the model.

The paper is organized as follows. Section 2 discusses

. VBR (SNR Controlled)

Q
E CBR statistical modeling and model_ validatio_n. Section 3 covers
N models based on Markov chains and linear regressive pro-
m cesses. Section 4 covers models based on the TES process.
) JE . Section 5 describes models based on self-similar processes.
Ro X """""""" i Higher Section 6 presents analytical and non-Markovian models

Activity which are based on i.i.d. processes. Section 7 summarizes the
paper, including a comparison of the number of parameters
required by each model in this survey. Recommendations
and issues relating to model selection are also discussed, as
well as suggestions for further research in VBR modeling.

Distortion
Fig. 1. Distortion versus bit-rate curves for compressed video

2 Statistical modeling and model validation
ing the outputs of several AT&'Picturephon@ encoders
[5]. The SMG of VBR sources has been further quantified inp good model is one which can accurately predict perfor-
early works by Kishino et al. [6], Morrison [7] and Verbiest mance measures (statistics) of a stochastic system. For exam-
et al. [8], where gains of up to 4:1 were obtained for simplepje, if the researcher is interested in the cell loss probability
sequences. o . _for an ATM buffer with VBR sources, then a good source
One drawback to multiplexing VBR sources is the possi-model is one which produces a sample path which can ac-
bility of packet loss. Such losses result when multiple i”de'curately predict this performance measure, when the system
pendent VBR sources cause the multiplexing buffer to overis simulated. In most cases the validity or “goodness” of a
flow. Analyzing the multiplexer buffer occupancy behavior mogel is determined by comparing model predictions (e.g.,
is @ major concern for researchers. Simulation studies argimylation statistics using the empirical data as the traffic
often used in order to quantify the amount of loss, sincespyrce) and the corresponding statistics using the model as
analytic methods are often intractable. In order to run thesgne traffic source. It is possible for a model to predict one
simulations, source models are used to provide input stimmetric accurately and another inaccurately. For example, a
ulus to the system under study. While actual video tracesynodel may provide accurate predictions for cell loss prob-
may be used in place of a source model, this limits the inpupjlity, and be inaccurate predicting mean cell delay. The
to a finite realization of the underlying stochastic processesearcher must decide beforehand what the desired system
which reduces the generality of the simulation results. Inmetrics should be, and select a model which can accurately
addition, it is often difficult to acquire video traces for long predict these metrics.
video sequences. For example, trace files for long MPEG-2  There are reasons to argue that the validation of a source
sequences are not readily available. model requires that its distribution and autocorrelation func-
In this paper, we survey statistical source models fortion match well their empirical counterparts, while using as
VBR video which have been proposed for both video con-fey parameters as possibleTypically, one tries to fit the
ferencing and movie sequences. We define video conferencémpirical data with a classical distribution such as lognor-
m.odels as those being enpoded using eﬁher H.26.1 or MPEGhal or Gamma, but whether or not a good fit is found, the
without B frames. A movie sequence is one which is en-empirical distribution (say, histogram) is a good fit by de-
coded using MPEG witli, B and P frames. Some examples fay|t. A common method used to match distributions is the
of models presented for movie sequences &tar Wars’  QQ plot. Matching the autocorrelation function is a more
Last Action Herg" and The Wizard of O2 Only MPEG-1 ifficult task. The autocorrelation function is a proxy for the
models were covered in this survey since a viable MPEG-Zemporal (linear) dependence within a stochastic process.
model had not been published by the time this survey wassenerally, stochastic processes may be classified into three
concluded. For introductory material on the encoding stantypes: independent, short-range dependent (SRD) and long-
dards H.261 and MPEG-1, refer to [9] and [10], respectively.range dependent (LRD). An independent source is always
The motivation underlying the choice of these particu- yncorrelated, i.e., is identically zero for positive lags; the
lar models is to present a representative sampling of currer{onyerse is false, namely, lack of correlation does not imply
VBR source models. The models are grouped into four catingependence. If the autocorrelation function is summable
egories: AR/Markov, TES, self-similar, analytical/i.i.d. This (e g., when it decays exponentially fast), then it is referred
categorization was motivated by the dominate stochastic proyg a5 an SRD process, but if it is not summable (e.g., when
cess used in the model. The AR/Markov models are conit decays hyperbolically), then the source is referred to as
sidered a classical approach to modeling, while TES anthy LRD process. The requirement to use few parameters is
self-similar are considered to be more novel. We providemotivated by the fact that they must be estimated from the
detailed descriptions of each model, where necessary, anginpirical data. Each estimate incurs a certain amount of er-

- ror which tends to reduce the accuracy of the model as the
3 Lucasfilm Ltd./20th Century Fox, 1977. .
4 Columbia Pictures, 1993 6 Exact matching (at all lags) of the autocorrelation function is a subject
5 MGM, 1939. of ongoing debate (see Heyman and Lakshman [11])
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number of parameters increases (although those errors makie Markov-modulated Poisson process (MMPP). We will

occasionally cancel out). In this survey, we classify the mod-show many examples of video models which use Markov

els into two types: hierarchical and non-hierarchical. Modelsmodulation.

which capture scene changes explicitly are referred to as hi-

erar<_:hica| models. A scene change process aims to mod_el thes Review of linear regressive process

relative frequency of individual scene types over longer time

scale (minutes or hours) than the bit-rate process (millisectn an AR process, the current value is a function of a

onds). Scene changes occur when the mean of the bit-raigeighted linear combination of past values. Formally, it is

process changes significantly as a result of a considerablgxpressed as

change in picture content (camera cuts). »
The parsimony of a model is determined by the number _ .

of pararr?eters it rgquires and its complexity by t);e amount ofT(n) =do¥ Z ai(@)(n — i) +eln), 2)

computer time and memory required to generate a sample. ) )

Models which require many parameters generally requiraVhereaq is called the intercept anfhs, az, . . ., a,} are AR

many calculations in order to generate a sample, but therg0efficientsp is the order of the AR process afd(n)} are

are exceptions (e.g., TES). On the other hand, some modef§€ residuals, commonly assumed uncorrelated and normally

require few parameters, but take a long time to generate eacistributed. The AR coefficients can be determined using

sample, since each sample is calculated from all previoudhe recursive Levinson-Durbin algorithm [12, Appendix 2A].

samples (e.g., LRD and self-similar models). It is desirableAR processes of order are denoted byAR(p). A special

to develop a model of minimal complexity which provides case of Eq. 2 is the AR(1) process

i=1

sufficiently accurate predictions of the metrics of interest.  ;.(5)) = g + ag2(n — 1) +e(n), )

o where a1 is the autocorrelation coefficient at lag-1 when
3 Models based on Markov chains/linear the sequence is stationary. Note that Eq. 3 can be seen as a
regressive processes continuous-state, discrete-time Markov process. A model of

. , . i ) this form was presented in [13].
We provide a brief review of Markov chains and linear re- The AR process is a special case of the autoregressive

gressive processes, such as the autoregressive (AR) procegspying-average process (ARMA) which adds a moving-
since many of the VBR source models are based on themyyerage process (MA), giving

Both processes incorporate temporal dependence. AR pro-

cesses, in most case, use Gaussian random variables, pro- , _ . i -

ducing sequences which are normally distributed. Markov®() = @ ¥ Z aiz(n —1) +Z_: bje(n)- @
chains, those achieving steady state, can produce a wide va- = J=0

riety of distributions. The ARMA process is typically stated as ARMA(p,q), where

p is the order of the AR part angl is the order of the MA
part. Determining the coefficients;, is a bit more involved
than an AR process and usually requires some form of spec-
?I analysis [14].

3.1 Review of Markov process

Models based on a Markov process use states to represerﬁ
bit-rate regimes (roughly a range of bit rates of a video _
sequence). A stochastic proce§¥k}, k = 1,2,... with 3.3 ATM cell-level model using ARMA

state spaces = {1,2,3,...} is Markovian if for everyn .
and all statesy, i, . . ., wherei,, € S it satisfies the Markov Grunenfelder et al. [14] developed a model, from a 4-s video

property, conference sequence, for the ATM cell interarrival process
_ _ _ from a video encoder using conditional replenishmefihe

PXn|Xn1 =1, X2 ln2,...,X1=i2] model defined a fixed time interval of 64 slots, where 1

= P[X,, = in|Xpn—1=in-1]. Q) slot equaled the time to transmit a 36-byte cell. The random

rocess{ X}, defined the number of cells generated by the

Simply put, the current state of a Markov process dependgncoder within this interval. where

only on its previous state, and not on any additional previous
states. A stochastic process is called a Markov chain if theX: = g(aZi—m +Y; +13), la <1
state space is countably infinite or finite.

Markov chains are often used to modulate other pro- 2 ®)

: : Y, = hre;_
cesses such as Bernoulli, Poisson or AR. The state of the™* Z kSi-k,
Markov chain represents a different set of parameters for the k=—m/2
particular process. While in a particular state, the model genwherev; is white noise. The parameters for the model were
erates samples according to the particular process (Bernoullgstimated from the long-term mean, variance and autoco-
etc.), at the specific parameter settings. This is done fowariance of the empirical sequence. The coefficiehts,of
a period of time until the process switches to a different————— o , , ,
state, generating samples using a different set of parameters. Engoders using conditional replenishment only transmit th dlfferencg
. in‘the pixel areas between a reference and current frame. This is done using

Models of thl§ type are referred to dfarkov-modulatedbr differential pulse code modulation (DPCM). Areas which do not change are
Markov-modifiedmodels. Some examples of such models ryn-length coded (RLC). When this difference becomes excessive, a new
are the Markov-modulated Bernoulli process (MMBP) and reference frame is generated and transmitted
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the MA part were determined using Fourier analysis. Theon the use of a classical distribution (negative-binomial) in
ARMA process was referred to ascalored-Gaussiarpro- DAR; however, the empirical distribution could be used.
cess with zero-mean, unit variance which implies that the Lucantoni et al. [16] proposed a model using a discrete-
autocorrelation function is not from a pure Gaussian pro-state, continuous-time Markov renewal process (MRP),
cess. which they compared to the DAR model. This model is of
In digital signal processing terms, the ARMA sequencethe same vein as MMPP, but instead the bit-rate is fixed, not
is generated using the ARMA filter with white noise as input. probabilistic. They divided the range of possible rates into 40
Since the original sequence is not a zero-mean process, thegjuidistant levels and assigned a state in the Markov chain
output of the filter,{V;}, is transformed using a zero-mean to each level. One, and sometimes two, geometric distribu-
non-linearity (ZMNL) function, g(.), of the fornaV; +b. tion were fitted to sojourn time at each level. Sample paths
This model requires 10,003 parameteks, d, b, h1, ho, generated by the model are strikingly similar in appearance
... hio000), Where the MA coefficients cover approximately to the empirical trace data. They compared the leaky bucket
seven frames. Model parameters were estimated from foucontour curves, generated using both models, and found that
seconds of video. This model can be viewed as modelindRP was better than DAR in approximating the results pro-
the video sequence at the sub-frame layer (slice/group ofluced when using the empirical sequence.
blocks) and it matches the pseudo-periodic autocorrelation

function, typical of these sequences, quite well. 3.5 Hierarchical model using composite AR processes

and Markov chain
3.4 Video conference model using Markov chain

Ramamurthy and Sengupta [17] proposed a hierarchical
Heyman et al. [15] developed a frame-lé/&TM model of ~ model which uses a Markov chain to capture the effects
a 30-min video conference sequence with no scene changes a scene change. The model consists of two AR processes,
and moderate motion. The model defines the number of ATMwhere the first attempts to match the autocorrelation func-
cells per frameX,,, and the state of the Markov chait,, tion at short lags and the second, the autocorrelation at long
whereY,, = | X,,/10/°. The transition probability matrix, lags. The third process is a Markov process which is used
P = [p;;], was estimated using for scene changes. Combining the three processes gives the

L ) _ final model
_ number of transitions from stateto state;

ij = — . 6 _
Pij number of transitions out of state ©®  1=x+v+2, 9

This model requires many parameters due to the transitionvhere
probability matrix. In order to reduce the number of param-

eters, the authors used the DAR(1) process, which estimatedi = @1Xi-1+ A, (10)
the transition probabilities by using the empirical marginal Yi = a2Y;—1+ B; and (11)
distribution and autocorrelation coefficient. The transition Z; = K;C;. (12)

matrix is given b
g y Equation 10 is used to generate a sequence whose autocor-

P=pl+(1-p)Q, (7)  relation function matches that of the emprical sequence at
short lags, while Eg. 11 matches it at long lags. Both equa-
tions are AR(1) processes, wherg and B; are normally
distributed with meansu1, 2 and standard deviationsy,

oy. Equation 12 is used to generate the extra bits needed
when a scene change occurs, whéferepresents the state

of the Markov chain and’; is a normally distributed ran-
dom variable whose mean and variance depend& ohe

wherep is the autocorrelation at lag 1,is the identity ma-
trix, and each row of) consists of the marginal probability
distribution function (pdf) of the empirical data. Since the
empirical data was found to fit a negative-binomial distribu-
tion, each row inQ) contained the probabilitiesf{, f1, ...,
fx, f5) defined by

_(k+r+1\ . 1 k number of parameters required 6% is reduced from four
Ji = ( k )p (d=p) to two by making the mean and variance a functionaof
_ (8) andp, wherey = a, 0 = 3 whenK; = 2 andu = a/2,
fi = Z fe, o = (/2 whenK; = 1. The basic premise behind the use of

k>K the Markov chain, shown in Fig. 2, is to generate the extra

where the parametersandp are estimated from the empiri- bits needed in the two frames following a scene change. We
cal data, and is the maximum number of cells in a frame. will see later a model proposed by Heyman and Lakshman
By using DAR, the number of parameters was reduced td21] which also takes into consideration the first two frames
only four: peak, mean, variance, and autocorrelation at lag lafter a scene change. This model requires a total of eight
Interestingly, this model gave rise to better bit-rate pre-parametersds, 1, 01, @z, pi2, 02, &, 3).

dictions than a second-order AR process, which was also

proposed at the time. This model is suitable for video con- .
ferences with no significant scene changes, since it does ng’t6 MPEG frame and slice layer models
model the scene changes explicitly. The model does rer}JSIng Markov chains

8 The frame level corresponds to MPEG or H.261 pictures. Pancha and El Zarki [18] proposed an MPEG-frame and
9 |z] is the floor function, where: is rounded towards-oco slice-layer Markov chain model for a 3-min 40-s sequence
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I-p p gle distinct AR(1) process is defined for each state of the
Markov chain. When the bit rate crosses a quantization level,
‘ the first frame of the new quantization level is sampled from

ani.i.d. Gaussian random variable.
The state of the Markov chain at a particular time instant,
t, is defined as;, wherez, # ;1 signifies a state change

has occurred. For each state,there are a unique set of
(n= = C{p=a,0= o Lo ’ . )
Ciu=as2, 0=p/2) dp=a,0=p) coefficients which is used to determine the number of bits

Fig. 2. Markov chain of scene change process per frame,y;, given by the regressive relation
= a(@)yi—q + G(u(@), 0 (), if xp=ai1=1 (13)
t G (i), v(), it @ # 2o 1; @ =i

whereG(.) is a Gaussian random variable ai(d) is the au-
tocorrelation coefficient at lag 1 at statéhen a state tran-
sition occurs, a sample is drawn fro@\n (i), v(:)), where

the mean and variance of the bit-rate process is conditioned
on the state of the Markov chaih, The parameters for Eq. 13

of the movieStar Wars This model differs from Heyman are calculated using the following constraints

and Lakshman’s [21] model in that, rather than each state
representing the number of cells in a frame, each state rep-

Mean Peak
Fig. 3. Markov chain model for video sources

D(i)

resents a bit-rate change of one standard deviation. This (i) =1~ 2u(i)’ (14)
illustrated in Fig. 3. Transition matrices were given for dif- n()(D¥(i))

ferent group of pictures (GOP) sizes and, in general, the u(i) = —>——*, (15)
larger the GOP size, the more states required in the Markov 2v(7)

chain. Also, the slice layer required more states than the ,.., _ . 5 . D?(i)

frame layer. The number of parameters required by the mogZ @™ = D(0) (1 - 4y(@')) ’ (16)
els ranged from 51 for the frame layer to 102 for the slice

layer, where the mean and standard deviation was estimateshere

from the empirical trace data and added to the number of

transition probabilities which we summarize in Table 1. D?()) = El(y: — y1—1)?|w¢ = 241 = i] 17)

is the conditioned expected square difference of the bit rates
3.7 Video conference model using composite AR processesn adjacent frames. This parameter allows for the empirical
data to be characterized in one pass, rather than the two
Yegenoglu et al. [19] analyzed a full-motion color video se- passes it would have otherwise required. The valygy
quence of 500 frames encoded by discrete cosine transform(;) and D?(i) are estimated from the empirical data.
(DCT), differential pulse code modulation (DPCM) and mo- The probability density functionfy (y), of the number
tion compensation. The picture resolution was 22@80  of bits per framey;, is approximated by a combination of
pixels with 16 bits per pixel and the rate was 30 frames perN Gaussian densities,
second. The primary motivation of this model was to pro-

duce a multimodal probability density function (in this case, N
Gaussian). Previous work indicated that the probability den</y () = > _ pi fom.) ®), (18)
sity functions of VBR video conference streams appeared i=1

to consist of a combination of probability distribution func-

tions; indeed, the model did produce a multimodal probabil-d ving Mark hai
ity density function. erlying viarkov chain.

The model is based on an AR process whose parame Three states were used to represent the quantizations

ters are modulated by a Markov chain. The model quantize§0’44)' (44,55) and (559) kt."tS/S’ resulting in good agree-
bit rates into N levels, where a quantization level loosely ment between the distributions of the model and empirical

corresponds to a scene class. The Markov chain defines t u&:? d Ltjr?enfgi]rst,?ese‘i:%?doggéog frmlrrgg\r/nteenstg ;qﬁergzﬁf;l Cdzgé'
transition process between quantization levels, where a si ' ’

rhowever, the third moment in one particular state differed
significantly. This was due to the fact that the actual data
Table 1. Transition probability count for frame and slice layer models ~ was not symmetrical about the mean beyond 55 kbits/s.
This model requires a total of nine parameters, three
for each quantization leve{ D?(i),n(i), v(i)}, wherei =
{1,2,3}. It is useful for video conference sequences with
small-to-moderate motion and scene changes. The tricky part
1 ' 49 64 is to determine the appropriate quantization levels, a task that

16 I,P 64 81 ; ; : : o " atriby 1L
2688 | 64 100 {i%qnwres visual inspection of the empirical bit-rate distribu

wherep; is the steady-state probability of statén the un-

Transition probabilities

GOP Size V) Frame type Frame Slice
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3.8 Block-based video conference model using AR processeaP!é 2. Process summary of hierarchical model

. . P N P T P t
Jabbari et al. [20] developed a block-based bit-rate model rocess Tame focess Type Tarameters
of a video encoder which adhered to the general MPEG Scene Length iid a, A
syntax. The encoder differs from the recommended MPEG Number of cells in scene change frame iid oA

Number of cells in next frame
after scene change frame deterministic o, 3, o2
Number of cells in frame within a scene correlated p,7,p

implementation in that the resolution is CCIR (720480
pixels/frame) instead of SIF (360 240 pixels/field). Inter-
laced scanning is used, producing two fields for every frame-
In most aspects, the encoder is more similar to MPEG-2

than to MPEG-1. The statistics of encoded blocks containec;rame after a scene change, and (3) size of frames within a
within I and P frames were estimated for a sequence of ge,

350 fields (175 frames); the model does not account for gScene. Scene change boundaries were determined using the

frames. The model divides each field into three block types:second difference

0, 1 and 2, where a block is defined as arx 8 matrix (Xje1 — X;) — (Xi — X;_1)
of pixels. Type-0 blocks are encoded using DPCM and ared; = TNy ; (23)
used for sequences with very little motion. Type-1 blocks 2ok Xi—k

use motion compensation on sequences containing moderate ) L )
motion. Type-2 blocks use DCT on sequences with high moWheré X; is the number of bits in frame A scene change
tion. I frames contain only type-2 blocks, while frames S defined to occur wheu, is large and negativenf was

contain all three types. heuristically determined). The scene change process was Qe—
The model consists of a vector-valued sequence termined to be uncorrelated; consequently, matching the dis-
tribution was sulfficient. The first frame after a scene change
wo(n) = agro(n — 1) +eo(n), was found to follow a different stochastic process since the
z1(n) = agx1(n — 1) +boxro(n) + baxa(n) + er(n), (19) scene content completely changes causing the frame to be

regenerated. It was found that scene length distributions fit
Weibull, Gamma and Pareto distributions well, while the
whose components represent the number of type-0, -1 anfumber of cells within a scene change frame fit Weibull,
-2 blocks in each frame; is the frame index and;(n) i  Gamma, and in one case normal distributions (some se-
a Gaussian random variable with meanand variancer?  quences, however, did not appear to fit any distribution).

for i = 0,1 and 2. The determination of the parameters forthe frame following a scene change frame was generated
Eq 19 is involved and is not included here; but details Camsing linear prediction of the form

be found in [20].

x2(n) = azz2(n — 1) +ez(n),

The average number of bits for block typawithin frame  y. = ;4 px, +¢, (24)
n, is given by Y
ri(n) = ¢iri(n — 1) + gi(n), (20)  wherea andb are fixed coefficients ang, is white noise.

Since the frame size within a scene is correlated, a
Markov chain was used where each state represented the
integer part ofX; /50 and the transition probability matrix
was parsimoniously determined using DAR. Each row of the
ui(n) =r;n)x;(n). i=0,1and?2 (22) matrix Q consisted of the negative-binomial probabilities of
the process{X;/50} (refer to Sect.3 )} The final model
requires a total of ten parameters, which we summarize in
Table 2.
ur(n) = uo(n) +u;(n) +uz(n). (22) Frater et al. [22] proposed a similar model; however,
The model produced sample data which was shown to matcH!€ Scéne change boundaries were determined in a slightly
the distribution of the actual data well via a QQ plot. How- different way and processes.for the first two frames after a
ever, the model was not used in the simulation of a multi-Scene change were not considered. Scene change boundaries
plexer and the autocorrelation functionof was not given. ~ Were determined by detecting a large difference in the output
A total of 20 parameters are required for this model, of Of combination median, averaging filters. The scene length

whereg; is the first-order AR coefficient ang is a Gaussian
random variable. This is used to find the total bits per block
type ¢ within framen given as

The final model for the total number of bits per frame(n),
is therefore,

which pdf was found to be of the form
b b ) 7b 7b ) b ) ) ) — a
{01070, 010 b2 1, 0121272 @)= (25)
" +b

are used for the number blocks per frame, and.;, o;),

=1{0,1,2}, are used for the number of bits per block. wherea and b are constants, and is estimated from the

empirical sequence.
3.9 Hierarchical model using the DAR process This model also used the DAR process and the negative-
binomial distribution for the frame size process; thereby, re-
Heyman and Lakshman [21] proposed an ATM frame-layerqiring a total of five parameters, (-, p, b, n). Even though
model for sequences generated using a DPCM codec (MGpe scene change frame process was not modeled, cell loss

tion compensation was not used) consisting of three differimy|ation results did appear to match well the results pro-
ent stochastic processes: (1) scene length, (2) size of the firg{,ced when using empirical trace data.
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4 Models based on the TES process The (o, ¢) parametrization is convenient for calculating the
autocorrelation function. The parameter a controls the mag-

TES processes are designed to fit simultaneously both theitude of the autocorrelation function amdcontrols its os-
marginal distribution and the autocorrelation function of the cillations. _ _

empirical data. It is a general method in that it can match any ~Once the background process is determined, the next
marginal distribution exactly and simultaneously approxi- Step is to define the desirédreground proces$.X,,}. This
mate a wide variety of autocorrelation functions. A soft- iS done by applying a transformation called thistortion
ware package calle@EStoolsupportsTES modeling via  function to {U;} or {U;"}. A common distortion is of the

a graphical user interface, which facilitates both algorithmsform D = Hy* o S, whereHy " is the inverse of the cumu-
and interactive searches for TES models [23]. Recently, Jelative histogram of the empirical data aig is a stitching
lenkovic and Melamed [24] have developed an algorithmtransform. Astitching transformatioris used, parametrized
which largely automates the search process and invariablpy astitching paramete0 < ¢ < 1, where

leads to a more accurate model than those obtained via hu- Y
man interaction 7 O<y=¢
: ¢
TES'’s ability to match marginal distributions exactly and S¢(y) = 1_ (29)
approximate many autocorrelation functions makes it an ex- - E<y<i1
cellent choice for constructing a source model. We give a 1-¢
brief overview of TES processes; however, for more in-depthS; is an intermediate step designed to “smooth” the sample
information, the reader is referred to [25]. paths of{U;} and{U,; } when crossing the origin. In most

cases, a value at or near 0.5 is selectedsfoFinally, the
requisite foreground TES sequence is defined by,

4.1 Overview of TES process
X, = Hy Y (Se(Uy)). (30)

TES defines a method for generating an auxilidrgck-

ground process{U,, }, which allows one to vary the nature

of dependence among the target random varialEs}. 4.2 H.261 GOB video conference model

The procesq X,,} is referred to as the foreground process using a TES process

and is generated frofil/,, } by using a suitable transforma-

tion. The procesqU, } defines a random walk on the unit Melamed et al. [26] developed a model for the number of

circle (circumference 1) based on the modulo-1 (fractionalbits per GOB for H.261-encoded video. In H.261, each frame

part) operator, defined dg) =z — |z]. (352x 288 pixels, common interface format, CIF) consists of
Specifically, TES background processes come in two 12 GOBs, each containing 33 macroblocks. A macroblock
flavors, {U"} and {U, }, defined as, contains four luminance blocks (block =>88 pixels) and
U n=0 U n even two chrominance blocks. The simulated system was an 802.3
U= { o = { n’ LAN driven by multiple video sources. Each data packet
(Up_1+Vn), n>0 1-Uy, nodd consisted of one or more GOBs.
(26) They observed that the bit-rate data, at the GOB level,

I . . . . contained a significant periodic component. The reason for
where the initial valud/p is uniformly distributed on the in- this is that each GOB retains significant correlations be-

tgr\t/al E‘Q 1) and{V.}, fc_a_llgd th((aj|nnovat[oglsequr?nﬁe:on-. d tween the same blocks in successive frames since a block en-
SISIS of a sequence ot 1.1.d. random var|a+ €S WRICh aré ING€z a5 the same portion of a frame and scene content changes
pendent ofl;. The background proced®/*} can generate

X i . . slowly over time (seconds). They removed this component
both negative decaying or oscillatory autocorrelation func- y ( ) Y P

i hilel 17— ¢ " lati hich alt ¢ from the sample data, and then appliEd'S to the residual
tons, whi e{U~} generates autocorrelations which alterna eprocessRn. The periodic component was determined by us-
in polarity between odd and even lags.

. X . . .. ing periodogram analysis to estimate the paramekérs);,
In general{Vn} is obtained from the innovation density IA-gapndlB» 'Ighrese pargrilgters ;:3 used to fnodel ?ﬁ ?))eriodic
fv, which is typically restricted to the class of step-function . ! iy

: . o : . component as
innovation densities over the intervat(.5,0.5) in order P

to simplify the parameter search. In the simplest non-trivial K

case of uniform innovations{V,,} is determined by two P, = Z(Ai cosw;n + B; sinw;n). (31)
parameterd, and R, where i=1

Vo=L+(R—L)7Z, (27)  The residual process is then,

is generally referred to as tlsingle-step innovation function Ry = Xy — Pn. (32)

Z,, are i.i.d. and uniformly distributed on _the _mtervaL ﬂQ A single-step innovation density with = 0.50 and¢ =
and-0.5 < L < R < 0.5. The parametrizationI( R) is 30 was determined foR,, (using theT EStool software)
equivalent to the parametrization,(¢), where and the stitching parametef, was set to 0.5. The periodic
a=R-1L process was added to the TES process, yielding the final

foreground process
R+L (28) ground p

. X, = HyX(Sos(Uy)) + P (33)
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The parameters for the model are then ¢, &, A;, B; }, Goro GoPl GOPk_
wherei = 1,2... K. The model produced an autocorrelation > U, > Uy > lgj
which matched its empirical data counterpart up to a lag of f\ T /\ """"""""" / \
100 frames. It then was compared to an earlier AR mode i FeCRe Ty T
which did not extract the periodic component, but distributed ;U;,_ LU :U;_' 7. i Ulgkn §§ng+| =
the bits within a frame equally across GOBs. Simulation Ui fiopti| | iUst s Uz m-1{Usk+2
showed the TES model produced lower packet loss and dela P-frames gl‘]‘,;+§ l']'é+§ """"""" B 3
given the same throughput when compared to results usin 16| L | Sk+ (V-MN
the AR model. Bframes

Fig. 4. Generation of background processes forP and B frames in

. relation to the GOP sequence
4.3 Frame and slice layer models 9

using a generalized TES (G-TES) process o

wherea,, = 1 for the frame layer model, and, is given by
Lazar et al. [27] developed both a frame and slice layerEd: 37 for the slice-layer model.
models for a DCT-encoded version of the moiar Wars The parameters for the model afe., a., ¢, p} for the
They used a generalizélES process in which the inno- frame layer andia;, ac, ¢, p, an} for the slice layer. The
vation process is not i.i.d. Each scene was modeled as §ame-layer model matched the autocorrelation function of
stationary process and scene lengths followed a geometril® empirical data well up to a lag of about 300 frames, but

distribution with parameter thereafter it dropped below its empirical counterpart. The
slice-layer model matched the autocorrelation well up to a
p= 1 (34) lag of 100 frames. The pseudo-periodic behavior was cap-
1+E[L,]’ tured, but the model appeared to underestimate the peaks in

where E[L,] is the expected value of the duration of a the autocorrelation function. The attractiveness of the GTES

scene,L,. Scene change boundaries were determined us@pproach is that it provides a way to model VBR video at
ing the absolute difference in bit rates of adjacent framestWwo different time scales (slice and frame), while directly
The model attempts to capture the large change in bit-ratdcorporating a scene change mechanism. This is the first
magnitude observed at scene change boundaries. The scef@del considered to be of the hierarchical type. The model

change process was incorporated into the innovation proces¥as used in simulations to determine the bandwidth alloca-
as tion required for sources of different service types.

(o7
Vo= (Q=Wa)(L+(R=D)Z,) + W (=5 +acZa) . (35) 44 MPEG frame-layer model

where {Z,} is a sequence of i.i.d. random variables with 459 @ composite-TES (C-TES) processes

uniform marginals in the interval [@), and{WV,,} is a se-
guence of i.i.d. Bernoulli random variables signaling that a
scene change occurred. TBE ES parameters were deter-
mined heuristically to bex. = 0.28 andR = —L = 0.001.
The average scene length[L, ], was found to be about
100 frames.

The same innovation process, with only a slight mod-
ification, was used for the slice-layer model. In order to
replicate the pseudo-periodic behavior of the autocorrelatio
function, they added a modulating functiar. The back-
ground process was then defined as

Reininger et al. [28] developed a model for MPEG sequences
containing/, B and P frames. The model uses the back-
ground proces§U™*} for I, B frames and{U~} for P
frames, giving the background sequencés/*}, {UB*}

and {U?”~}. The scene change process was not taken into
account in this model.

An interesting point regarding this model is that the num-
ber of bits in B and P frames, within a GOP, depends on
Bhe I frame located at the beginning of a GOP. Recall that,
in MPEG, a GOP consists of a set 6f B and P frames
arranged in a deterministic pattern which repeats through-
Up = (Un_1+a,Va), (36)  out the sequence. For example, given a frame sequence
{. .. 1,B3B4P>,BsBsP3B7Bgl5 . . .}, where the subscript is

where the index number of the associated frame type, the back-
1 if 0 < n%s < S 1, ground sequence variates fBg and P, are set equal to the
an = 2 (37)  background sequence variate tbr (Ut =UPY) =US 7).
-1 it 2 < n%s<s—1 This makes intuitive sense, because bsttand P frames,
2= - ’ within a GOP, reference thé frame in the encoding pro-

with s being the number of slices per frame and % is thecess. An illustration of the relationship of the background
modulo operator. sequences fof, P and B frames is shown in Fig. 4.

The value ofE[L,] must now be expressed in terms of The final model is composed of a deterministic com-
slices, so a scale transformation changed it from 100 framebination of each frame type process. Process selection is
to 3000 slices (30 slices per frame). The paramefeesy\d  determined by the GOP frame sequence pattern, defined by
R were set to 0.003 and 0.008, respectively, whilewas the MPEG encoding parameteié and M, which are the
left intact. I-frame andP-frame distances, respectively. The three ran-

The final model for both the frame and slice layer was dom processes are defined as

X = Hy Y(Se(Un)), (38) X, =Hy (S, (UL),
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X7t = Hy (e (U, (39) 1 P2 )
+ < :
X7~ = HyXSep (U): X 1:T)) (X3, T)

The model requires nine parametefsy, ¢, &} g p, three

for each frame type. One point of interest here is that MPEC
sequences witlh B P frames exhibited a pseudo-periodic au-
tocorrelation function similar to that produced by slice-layer P31
sequences. This behavior is caused by the deterministic st Y
guencing off BP frames and is captured well by this model.

P24

(X3, T[S XT3 T

4.5 Frame-layer model P34

using a Markov-modulated TES (MRMT) process Fig. 5. The modulating Markov chain which controls TES process selection
and scene duration based on class type. Transition probabifitigsfrom

Melamed and Pendarakis 29] developed a modelfor a DCTERS o dass are deernined o e mpial et of scene vansos
encoded verS|or_1 of the movidtar Wars(this is the Same empirical distribution of class scene durations. X3} represents the TES
sequence used in Sect. 4.3) and take scene changes into @gscess for scene class

count. The approach taken here is different from that in
Sect. 4.3 in that the scene change process is not assum
to be i.i.d., but Markovian. The first task was then to seg-
ment the video sequence into individual scene segments aldg

%dModeIs based on self-similar processes

osely speaking, a process is said to be self-similar if the

classify each segment. Scene boundaries were detected T
mples for that process appears “similar”, regardless of the

measuring the sustained absolute difference of the bit rate . S . .
between a series of successive frames, again, similar to th uration of the sampling interval (time scale). One of the im-
technique used in Sect. 4%3 ' ’ portant characteristics of a second-order self-similar process

Once the video sequence is segmented, each segment'rcsthat it is also long-range dependent (LRD). An LRD pro-

classified using a clustering algorithm based on the mini-CESS is defined as a process in which its autocorrelation func-

mum Euclidean distance between mean bit rates. Four cludion is not summable. This behavior differs from short-range-
ters were sufficient to categorize the video sequence intgependent (SRD) processes, whose autocorrelation functions

four scene classes. RES model was then created for each 2'€ summable and power spectrums are bounded at low fre-

scene class, where each class was mapped to a state of! encies. Recent work by Bergn et al. [30] has shown that
Markov chain, illustrated in Fig. 5, whence the naiarkov long-range dependence is intrinsic to VBR sequences, and

renewal modulated TEGZ RMT) process. Scene durations given that there is some evidence that LRD processes can

were class dependent; however, its autocorrelation functioﬁ]egat'vely .affect mult|pI(_exmg performgnce [31, 32], source
was practically zero for lags greater than five frames, so itmOOIeIS wh|c_h capture this characteristic were develop_ed. We
was assumed to be iid. random variable represen,ted resent a brief overview of LRD; however, for more infor-

{T;}, wherei = 1,2,3,4 is the class index. Although it is ation the reader should see [30].
not explicitly stated that the scene duration distribution is
geometric, the video sequence is the same as that used $1 Overview of long-range dependence
[27] where its form is stated explicitly.
The final model consists of four TES processes, one font has been found that LRD processes occur quite often in na-

each class, ture. Natural phenomena such as rainfall, the annual growth

; _ i . of tree rings, river levels and discharges are often described
X,'=Hy (S, (U)), i=1,234 (40) a5 self—sin%ilar processes. Hurst first giscovered this property

as well as four renewal processes for the corresponding scerf®y investigating the amount of storage required in the Great
durations. Lakes of the Nile river basin [33]. He found that the ex-

The parameters for the model afe;, ¢:, &;, P}, where pected va!ug of the quantitﬁ_i(n)/S(n) (rescaled adjusted
i is the class index an = [p; ;] transition probability ma- ~ fange statistic R/ asymptotically followed a power law

trix. This yields 12 parameters for the matrix, and 3 for eaChE[R(n)/S(n)] ~enfl, n— oo (41)
TES process giving a total of 24 parameters. The model was ] N ) .

used to generate 171,000 samples and the attendant samp¥8erec is a positive constant independentrof k() is the
path, histogram, autocorrelation function and spectral denadjusted range5(n) is the sample standard deviation, and
sity were compared to their empirical counterparts. In allH is the Hurst parameterwith range 05 < H < 1. The
cases, excellent matches were achieved. This model prdescaled adjusted range is calculated using

duced better matches to the autocorrelation function at long p(y)

lags, since the Markov chain captures the longer term scene% (42)

change behavior. .

gi _ max(0, W1, W, ... W, —min(0,0, W1, W, ... W,,)
10 1t should be noted that sequences containing® and P frames will - S(n) )

require different methods to determine scene change boundaries. It seems
feasible that, in this case, this technique could be appligdftames only. where
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Table 3. Hurst parameters of various traffic types.

Traffic type H
Computer traffic [34] ~1

CNN [35] 0.90

Star Wars(Motion JPEG) [35] 0.88
Star Wars(MPEG IBP) [35] 0.86
Star Wars(B/W, DCT) [36] 0.83
Video conference [30] 0.6-0.75
i.i.d [37, 38] 0.5

WQ = O,

n - 43
We=> Xi—kX(n) k=12....n (43)

=1

and X; is the empirical sequence.

The valueE[R(n)/S(n)] is calculated for different val-
ues ofn and plotted in &Pox diagramwhere logE[R(n)/
S(n)]) is plotted on they-axis and logg) is plotted on the

x-axis. Linear regression is then used to estimate the Hurst

parameter

g7 = 109 E[R(m)/Sm)]

log n (44)

Typical values ofH for various sequences are given in
Table 3. Note that the value @f for i.i.d random processes
is 0.5, while for computer traffic it is approximately 1. Figure
6 shows the effect of the value & on a random sequence.
We plotted samples generated using a fractional ARIMA
process for four different values of H. We see thatfas
increases, a noticeable low-frequency oscillation is eviden
in the sequence envelope.

Once H is estimated, a processes such feectional
ARIMA, or fast fractional Gaussian noiséf fGn) is used

The background proces$l/k}, is generated using Hosk-

ing’s algorithnt! [39] which is ano(n?) algorithm. EachU,,
is Gaussian with mean;, and varianceg,%, which are given
by the functiong, defined recursively by

Orj = Ok—1,j — PkkPk—1k—j» J=1,..., k=1 (46)
drk = (Ni/Dy), (47)
where
k-1
Ny =pr — Z Pk—1,jPk—j> (48)
=1
Dy, = Dy—1 — (Nf_y/Dy—1), (49)

and the initial values ar&/y = 0 andDg = 1. The mean and
variance is then

ok = (1= Gin)of 1,

k
e = bk Xi g,

J=1

(50)
(51)

where the random variable&, is sampled from a standard
normal distribution. Finally, the number of bits per frame
is represented by the foreground sequerd§,}, which is
generated using the transformation

Yi = Frlo(Fu(Us), k>0 (52)

where Fy is the standard normal cumulative distribution

function andF;/lp(.) is the inverse of the aforementioned

hybrid Gamma/Pareto cumulative distribution function. Note
that the LRD property is still preserved when transforming
from Uy to X..

The parameters required by the model arg,r,
mr, H), whereu ando are the mean and variance of the
Gamma distribution anenr is the slope of the line which

to create a background sequence, which may be used ipest fits the tail of the Pareto distribution. The model parsi-
turn to generate the foreground sequence using the desirgdoniously captures the LRD aspect in this sequence using

empirical marginal bit-rate distribution. Other methods can
be used to estimaté/ in addition to R/S analysis such as
variance-timeand periodogram analysis

5.2 Frame layer model
using a fractional ARIMA (f-ARIMA) process

Garrett and Willinger [36] developed a model a DCT encod-
ing of the movieStar Wars(same one used in Sect. 4.3). To
match both the left and right tails of the empirical distribu-
tion they used a hybrid distributiort-, », which consisted
of a concatenation of a Gamma distribution for the left tail
and a Pareto distribution for the right tail. Right tail matching
is particularly important because it describes the probabili
ties of high bit rates, which can significantly affect queuing
performance.

The model uses a fractiondlRI M A(0, d, 0) process to
generate the background sequence, whierel/ — 0.5, and
its autocorrelation function is given by

_ d(1+d)...(k—1+4d)
Pk

TA-hR-d)...(k—d) (45)

a single parameter.

5.3 Frame-layer model using a fast fractional Gaussian
noise (ffGN) approximation

Enssle [40] developed a VBR model for an MPEG version
of Star Warscontaining/, B and P frames. The model used
the f fGN algorithm to generate the background sequence.
This method is an approximation to the fractional Gaussian
noise process and has a computational complexity(of.
Consequentlyf fGN provides a faster way to generate the
background sequence as compareftactional ARIMA

The background proces$lU,(t)}, was generated using
ffGN. The Hurst parametef/, was estimated to be 0.856,
using periodogramand R/S analysiswhich compares well
with the value 0.83 found in [36]. ThéfG N algorithm re-
quires two additional parameters besidéscalled the base,
B, and quality,@. Selecting a value fo3 in the range
11 < B < 2 and@ = 20 produced acceptable estimates

11 One interesting feature of this algorithm is that, given a discrete auto-
correlation sequencey., a sampla path can be generated whose autocorre-
lation matches it. We will see this technique used later in a model proposed
by Huang et al. [41]
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Fig. 6a,b. Comparison of the Hurst effect on
random procesa samples generated using frac-
tional ARIMA process (x-axis = sample, y-axis
= magnitude)b corresponding empirical auto-
correlation functions (x-axis = correlation coef-
ficient, y-axis = lag)

(54)

The number of Markov-Gauss processes is

(53)

N =[In(@n)/ In(B)],

(55)

The low-frequency component is a weighted sum of inde-wheren is the length of the time series and the weight factors

pendent Markov-Gauss processes,

are



210

H(2H — 1)(B1-H — BH-1)(p—2k(1-H) where K; is the boundary between the SRD and LRD parts.
Wi = - (56)  The Hurst parameter was determined using both R/S and
I'(3—2H) ; ; :
variance-time analysis and the SRD parameters were deter-
The lag-1 covariance is given by mined by using regression analysis. Once the autocorrelation
e function was determined, Hosking's algorithm was used to
r(k)=e ; (57)  define the background proces4], }. Individual histograms

were constructed for each frame type and the attendant back-

which is used in the Markov-Gauss process ;
ground process was then transformed for each frame type via

G(t,r(k)

X! =H,YU,). i=1I,B,P (63)
Gr(1), t=1 ) : -
= (58) Histograms were used since the authors determined that the
r(k)G(t — 1,7(k)) + V(L — r2(k)Gr(t), t>1 empirical distributions did not seem to fit any of the existing

classical distributions.
The model requires four parameters to estimatethe
Hurst parameterd, and one parameter for each cell in

whereG(t) is standard normal.
The high-frequency component of Eq. 53 is

BH-1 the frame type histogram. Samples were produced which
Up(t,H)=4/1— TV T} G(t), (59) matched the autocorrelation function well for lags up to 500
frames. The portion of the autocorrelation function up to lag

whereG(t) is standard normal. K; ~ 75 is fitted well by the exponential function. This is

Each frame type has an corresponding distribution forprobably the most accurate model to date in terms of match-
the number of bits per frame, which was determined to fiting the autocorrelation function for both short and long lags.
the lognormal distribution well. The background process,

U(t, H), is then distorted using the transformation of the g Analytical and non-Markovian type models
frame type distributionF;l, to give
The analytical model proposed by Marafih et al. [42] is a

— -1 . _
Xi() = F W), i=1.2...m (60) model whose premise relies on a discrete-state Markov chain
which translates to the following and uses analytical methods, such as stationary-interval (SI),

1 asymptotic method (ASM) and queuing network analyzer
X;(t) = exp \/me(t)HnE[Xi]—ém(l +9)]|, (QNA), in order to estimate multiplexer cell loss. Model

parameters were estimated using the first two moments of the
(61) empirical sequencel (and P frames). Results showed that

_ _ 12 . the SI model produced results which provided a good upper
g:;}?@ = (Var[Xi]))/E[X:]" andi is the frame typd, B ;04 while the ASM model provided a lower bound. The

The model requires three parametdst) and i for the QNA model seemed to match the results using the empirical

: data.
background process and six parametdrfX;], Var[X;], . . )
for the lognormal distributions, for a total of nine parame- Skelly et al. [43] proposed a generalized histogram-based

ters. The model basically operates as follows. At timthe analytical model for ATM VBR sources. Each source is char-

. S . acterized by a bit-rate histogram and the histogram of the
frame typei, which is predetermined by the MPEG GOP . . . ;
pattern y(FI)BZBPBBI?. ) iFs) used to selec%/ one of the three aggregate (multiplexed) process is obtained by convolving

: . the individual source histograms. Once obtained, the his-
transform functionsX;(t), Xg(t) and Xp(t). A sample is : 4
then generated ofU/,(t, H)} which is used in the selected togram is used to solve an M/D/1/K system and the buffer

transform function. Time is then incremented to determineOCCUpanCy distribution is given by

the next frame type and the process continues for the dura- N

tion of the video sequence. P(n) = P(n|A; = )P(A = Ap), (64)
I=1

5.4 Frame-layer SRD/LRD model where P(A = Aj) is the bit-rate histogram approximation

using an -ARIMA process of fa(x), P(n|X = Ap) is the buffer occupancy distribution

given the arrival rate is\;, and N is the number of bins
Huang et al. [41] developed a model for an MPEG encodingj“ the histogram. In order to generalize the applicability of
of the movieLast Action Herp which containsI, B and their model, they used an MMPRJ&/K as the source model
P frames. It is referred to as a unified model because it® determine the buffer occupancy distributions. They found

uses a hybrid function in order to match the autocorrelationtnat & Markov chain of eight states was sufficient; thus, re-
function at both the short-term and long-term lags. The Hurs@Uiring an 8x 8 transition probability matrix. This model
parameter,//, was used to generate the LRD part of the [équires 64 parameters for the matrix and 8 parameters for
autocorrelation function, and a weighted sum of exponentialdh® average arrival rate for the Poisson process in each state,

was used to match the SRD part. These parts were theffr & total of 72 parameters.

combined, yielding the hybrid autocorrelation function Krunz et al. [44] proposed a model for an MPEG en-
 0.00565k coding of the movieThe Wizard of Ozonsisting of 41,760

o = { e y k<K frames (, B and P). Each frame type was fitted using a log-

159k792 | k> K, (62) normal distribution, where parameters were estimated using
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the maximum likelihood estimators (MLE). The frame size TP!€ 4. Summary of VBR model attributes

process for each frame type was assumed to be i.i.d., which Scene
greatly simplifies the model. Selection of the appropriate # Model type Parameters change Level B frames?
frame type processes was done deterministically based on

the MPEG GOP structure. While this model is simplistic, ; gil\Rﬂfﬁ[Ps?] 12103 Sg Elrj::;zme ,L\':
simulation results for cell loss, when multiplexing up to 10 3 vRrp [16] 40 No  Frame No
sources, matched the results produced by the empirical se4 ArR/MC [17] 8 Yes  Frame No
guence fairly well. A similar model was proposed by Enssle 5 MC [18] 51-102 No  Frame/Slice No
[35] for a full-length (123,574 frames) MPEG encoding of E73 22/'[\;%] [19] 290 ':10 l;rlanlle I\TO
he movi r War N oc 0
the movieSta ars 8 DARI/i.id [21] 10 Yes Frame No
9 DARI/i.i.d. [22] 5 Yes Frame No
7 Summar
Summary 10 TES [26] 2K+3+H° No  GOB No
It is apparent that one has many choices when it comes tcﬁ cGoTrEpsogt?a]-TES[ZS] %:gH Yﬁz Flzr?::r:eésllce ':'(ZS
VBR models. In order to narrow the selection, itis important ;3 yirmT [29] 24+4H Yes  Frame No
that the user define the attributes of the source in order to
assist in model selection. Some questions to answer are 14 F-ARIMA [36] 4 Yes  Frame No
15 ffGN [37] 9 Yes Frame Yes

1. does the VBR sequence contain significant scene chanté Unified f-ARIMA [41] 4+3H Yes  Frame Yes
ges?

. . 17 XGI/D/1 [45 2 N F N
2. What is the frame type sequence pattern? Is it H.261 or;g MMPP/Ek[/l/}]( [45] 72 Ng F:Zmi Ng
MPEG? 19 iid [32] [42] 6 No  Frame Yes

3. Does the sequence contdiframes? MG = Markov chain
4. Does the frame type distribution fit any of the classicaly , _ frequency coefficients to match periodic GOB process

d|5t”bUt|0n§7 such as lognormal, Gamma* etc.”? ¢ “H" is number of histrogram cells required by a TES process to match
5. What level is to be modeled? Frame, slice, GOB, or ATM the empirical distribution
cell?

Answering these questions will assist the user in deter" generating samples can be quite high. This is alleviated

mining the proper VBR model to use in simulations. A se- somewhat by using/fGN. Nevertheless, it does appear

quence which contains different frame typési, P) would from the results given in [36] and [40] that ignoring the

likely require a model which uses separate processes for eadyene c_hange process will most likely yield overly optimistic
Simulation results.

frame type, so this is an important consideration. Another . .
matter to consider is the marginal distribution of the source, . dgohsv*?csrt\ :;%Cnotgr?e%dgggr}ﬂ?;lse?tn ;%ﬁéscﬁzgytﬁic;
process. If a classical distribution will fit, then samples can ' '

these models require separate processes for each frame type.

be generated using many of the existing mathematical trans: . L
formations; otherwise, samples must be generated using tkslléhe assumption to select each process deterministically ac-

inversion method on the empirical histogram. We summarizefg;ﬂg]?atg ttrTSt ﬁgPGpoﬁtegt;nva"?: HdO\;VEth]r' gh's 'ttc’ due;

the attributes of the models covered in this survey in Table P IS fIx€d 1or the duration o

4 the sequence. Future encoders will most I|I§ely vary frame
type sequencing based on video content, which will vary the

. GOP pattern. In fact, this mode of operation is fully compli-

7.1 Model recommendations ant with the MPEG standard. For such sequences, the frame

pe selection process will also be stochastic, thereby inval-

ating the deterministic assumption. This opens a new area

which is yet to be covered in VBR modeling.

As a result of this survey, several recommendations can b%
given which might be helpful in determining an appropriate
model for VBR video. The first is that, if a video confer-
ence model is required (n® frames), and there are few
or no scene changes, then a DAR model is a better choice
than an AR model. Another contender, however, is the MRP
model, which produced better results than DAR, but requires/.2 Self-similar models
more parameters. It is conceivable, that, for certain video se-
guences in which the bit rate stays at particular levels forOne issue concerning self-similar models is the relative im-
long periods of time, MRP would be a better choice. portance in matching the SRD component of the autocorrela-
Another recommendation deals with the modeling of thetion function. We saw that in Huang et al.’s model [41] both
scene change process. When modeling sequences with nthe SRD and the LRD components were matched. In effect,
merous scene changes, the user can choose either a Markdte background process exhibits both a rapid decay at short
based model or a self-similar model. The choice, however|ags and a much slower decay for long lags. Enssle’s model
is not clear cut. On the one hand, self-similar models haveffGN) does not do this, but claims that the SRD component
the advantage that only a single paramefé) (s required; is sufficiently captured by the deterministic GOP process. A
whereas, a Markov chain requires many parameters (tranquestion which arises then is the added benefit derived in
sition probabilities). Unfortunately, the drawback to self- capturing the SRD component of an individual frame type.
similar models is the computational complexity involved With regard to the question of the relative significance of the
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LRD component in VBR sequences, recent work by Heymarservice policy used by the multiplexer should be taken into
and Lakshman [11] suggests that short busy periods (typicahccount. Most of the models assume a first-come-first-serve
when multiplexing VBR sequences) and finite buffers causepolicy, but others exist such as weighted fair queuing.

a “reset effect” which, for the most part, negates any LRD  Another area often overlooked (or minimized in its sig-
effects. As a consequence, they argue that SRD, which isificance), is the cross-correlation effect between MPEG
modeled well by using Markov processes, is a more impor-sequences which result from the GOP pattern. Sequences
tant aspect of VBR sequences. which have GOP parameter®'(M) which are the same,

or multiples thereof, can havkand P frames which over-

lap in time. Also, since these frames are much larger than
B frames, their overlap could cause serious degradations in

Two new models. which have recently been oublished dur_multiplexer performance. Since the GOP pattern is determin-
. : v y P - . _Istic, this overlap will continue for the duration of the video
ing the review of this survey, deserve mention. The first 'Ssequence
tsr;e lg?a(r):cj:eel Ctz));]tI;grL]Jinz a;‘;nTJ'}E?:g'm[gg] ;%Lagol\élg%gngigtz Finally, while it appears that a single model will not

q , ng A apply to all video sequences, a generalized modeling frame-
of a composite of three random variables; one for each fram

: fvork is required which can be applied to a wide variety
type. The random _vanaples for bofs- and_P 'f.rame types of video content. It is not clear that this objective can be
was found to be i.i.d. with a lognormal distribution. Fbr

frames. the scene chanae process. which was both geom chieved using Markovian-based models, since none have
. e ge pro ' : 9 een applied to MPEG sequences containthdrames. As
ric and i.i.d., was used to define an average bit-rate level

while an AR(2) process was used to produce the fluctuationto whether a hierarchical model using Markov chains and
. P P AR can be used for such sequences, remains to be seen.
over this level. The GOP pattern was used to select one

the three random variables. The model by Jelenkovic et. al he two candidates found in this survey are the self-similar
[47], interestingly, does_not model the MPEG sequence a yo'c\i/leel,l ;&%%OZ?% %’eﬁngﬁ(’i s ngit\?eenl\fr?eM;gmu?ndeerlﬁs ré);) oHseeyq
the frame layer, rather it models the sequence at the GO :

layer. Scene changes are discerned by taking the normaliz ?rr:] tg?t;:ewlﬁzr? ;Srﬁe;treocj ;(/)BIF; esesqéjgn;gselcst rﬁ'iﬂgﬁ:ﬁ
second-order difference between GOP sizes and determir; egr that a model sﬁch as MRMT can Eovic;le such a
ing if it is both large and negative. Scenes are then groupe g?nework P

into four classes based on a clustering of GOP sizes (simi- '

larly done in [29]). Each class was then modeled using an

i.i.d. process which was selected using a Markov chain. The\cknowledgementsThe authors would like to thank Benjamin Melamed
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7.3 Recent models

7.4 Further research

Most of the focus in VBR research has centered on packet
loss at a multiplexer buffer. This metric is assumed to beReferences
directly related to video quality of service (QoS). How-

ever, aggregate_ loss mlght not be sufficient in determ'n”_]g 1. CCITT Study Group XV (1990) Recommendation of the H-Series.
end-user “perceived” quality. In fact, loss “bursts” and their  cciTT, Report R31, Geneva Meeting, 16-27 July 1990, pp 79-107
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Another direction for further work is the performance of Geneva, Switzerland
a model when using a “smoother” mechanism. A smoother 5- Haskell B (1972) Buffer and Channel Sharing by Several Interframe

: oy tAL ; . Picturephone coders. Bell Syst Tech J 51(1): 261-289
reduces the source traffic bit-rate peak-to-mean ratio by in Kishino F, Manabe K, Hayashi Y. Yasuda H (1989) VBR Coding of

jeCting extra d,e_lay' Models which .dO not accurqtely repro- . Video Signals for ATM Networks. IEEE J Sel Areas Commun 7(5):

duce the empirical sample path might not be suitable when go1-so6

used in conjunction with a smoother. The only paper in this 7. Morrison DG (1990) Variable bit-rate Coding for Asynchronous Trans-

survey which partially addresses this issue is the one by fer Mode Networks. Br Telecommun Tech J 8(3): 70-80

Lucantoni et al. [16], where leaky-bucket contour curves & Ver\t}'ss“’(\’:' pinno L voeten ® £1988)0The 'mpag(tg()’f tlhgz’;T'l"eggncept
: : - on Viaeo Coding. el Areas Commun . —.
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policing device than smoothing device and there are a whole ™ mmun AcM 34(4): 60-63

class of smoothers which have not been studied in conjuncio. Le Gall D (1991) MPEG: A Video Compression Standard for Multi-

tion with any of the proposed models. In addition, the buffer ~ media Applications. Commun ACM 34(4): 60-63
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