Ab stract:  In th is pap er, w e introduce  a novel tech-

nique for th e m odeling  of variable-b it-rate MP EG

video stream s.  Th is technique  is d esigned to a id

multim edia system s research ers in terested in usin g

real c omp ressed video d ata to study th e system s

they a re designin g w ithout the overhead  of havin g

to d igitize a nd com press the video  stre am m ultip le

tim es.  Ou r propose d app roa ch differs from  curre nt

approaches in that is  use s a n inexpensive no n-

inter-code d video c apture  board to dig itize th e

mov ie  da ta.  O nce cap tured,  o ur mod el u ses a  su b-

sam ple from  th e d igitized data to crea te a  linea r

regression mo del o f the targe t video  (bo th  qu ality

and frame  p attern).  U sing this linear regressio n

mod el, our  a pproach statistically gen erates  th e

target video.  We h ave dig itize d and  com presse d

26 hours of cons ta nt-qua lity MPEG  video to verify

our pseudo -mod eling a pproach.

Keywo rds:  MPE G,  video traffic m odeling, vide o

stream ing

1. Introduction

                         Mathem atical modeling of variable-b it-rate

video stream s su ch as MPEG -1 o r MPEG -2 v id eo

stream s is useful in the research and d esig n of

multimed ia system s.  Uses of these m odels in clu de

th e design o f video server structures, quality-of-

servic e architecture desig n, mu ltim edia network-

in g issues,  and low -leve l networking  queu e m an-
agem ent policies.  B y modeling these video

stream s, research ers can investigate the design

space of their sy stem s w itho ut having th e large

overhead of the im plementation of a n actual sys-

tem.  T hese mo dels attem pt to capture the multiple

tim e-scale ch ara cteristics that video com pression

algorith ms in trodu ce.  Short-term characteristics

are d eterm ined by the inter-coding of v id eo fram es

(i. e. the fram e pattern such as found in MPEG ).

Long-term  characteristics includ e the chang es in

scenes that occur over th e duration of the video .

The use of analytically derived vid eo sequen ces,

how ever, leaves th e designer wo nderin g h ow  their

approach w ill wo rk  w hen an actual video stream is

used.

On th e other hand , capturing an d com pressing

large am ounts of real video d ata can be cum ber-

some,  expensive and tim e-consum ing (particu-

larly predictive co ded v id eo such  as MPEG ).

While it is possible to ca ptu re MP EG video

sequences in  hardware  and in  real-tim e, these sys-

tems are often  exp ensive (on the order of $40 K)

and typically com prom ise on the m otion-com pen-

satio n algorithms in order to achieve real-tim e

com pression .  In addition , if the researcher is inter-

ested in the effect of different en codings of a par-

ticu lar v ide o sequence su ch as a chang e in the

fram e pattern or the quantization levels (for con-

stant-q uality video enco ding), the same video

sequence w ill have to  b e re-captured and  re-com -

Pseudo-Modeling of MPEG-Based

V
ariable-Bit-Rate Video Streams

Wu-chi Feng

Dept. of Comp. and Info. Sci.

The Ohio State University

Columbus, O H  43210

wuchi@cis.ohio-state.edu
pressed for as m any d ifferen t typ es of configura-

tion s that need to be explored.

                         In th is p aper,  we introduce a novel techn iq ue

for the ^pseudo-m odeling~ of MPEG  v id eo

sequences for the research and design of m ultim e-

dia systems, p articularly research based on sim ula-

tion .  T his wo rk  is m otivated by several factors.

First,  basic video c aptu re  boards that are capable

of only intra-coded video capture are relatively

in expen sive (on the order of several h undred dol-

la rs) and  resu lt in fairly high quality video stream s.

These bo ard s include uncom pressed video  capture

boards, I-frame only MPE G capture boards,  an d

Mo tion -JP EG capture bo ard s; Manufacturers of

th ese boards includ e com panies like O sprey an d

Targa; B roadwa y; and Miro Video, respe ctively.

Second,  after capturing a single video  stream , it

would be nice to  be ab le to m odel inter-fram e

MP EG video stream s from an intra-frame  o nly

coded video  stream .  This wo uld allow  the

research er to re-use a sing le  compressed v id eo

stream  for the ex plo ration o f multiple  ty pes of

video seq uences, including differe nt frame pat-

te rn s and fram e qualitie s.

                         At a high-level, ou r proposed pseudo-m odel-

in g approach takes a single Motio n-JPEG  or all I-

fram e MPE G com pressed video  sequence an d

mod els more com plex MPE G video sequ ences

with P  and B frames th ro ugh statistical m odelin g

of the video stream.  This sim ple approach will

allow researchers to (i) capture th e larger I-fram e

data and  the long-range dependen ce that these

video sequ ences exhibit and (ii) allow  the smaller

predictive coded  fram es to be statistically gener-

ated for the sim ulation s.

                         In the follow ing sectio n, we briefly review

some of the backgrou nd m aterial necessary fo r this

paper and highlight som e o f the research efforts in

mod eling  variable-bit-rate video stream s.  In

Section 3,  we present our p seudo-mo del for

MP EG video stream s.  Using nearly 26 hours  of

MP EG compressed v id eo sequences (~2.8  millio n

comp ressed  video fram es),  we describ e som e of

th e statistical prop erties of MPEG  v id eo th at w e

have observed in Sectio n 4.  In Section 5,  w e
describe the experim ents that we  conduc ted to test

our m odel.  Finally, we summ arize our finding s in

Section 7.

Con tr ibu tio ns of This Work :   T his work m akes

two ma in contributions to multimed ia system s.

First, this work is based on a significant am ount of

MPEG  c ompressed video  data.  We believe that

this is one of the first works that takes an  in-depth

look at th e effect o f MPEG  com pression for lo ng

video sequ ences. We expect to distribute our statis-

tical information (i. e. fram e sizes) from these

MPEG  sequences throug h the final AC M Mu lti-

med ia 1999 w eb site for other researchers to use

(or h ave a pointer to our w eb site if d isk space is a

problem).   Seco nd, an d m ore impo rtantly, this

work introduces a novel MPEG  m odeling tech-

nique b ased on  a single captured v ideo  sequen ce.

This work bridges mathem atically m odeling video

stream s and strictly using captured video

sequences for sim ulation research.

2. Background and Related Work

In this section , w e briefly describe  som e of the

backgroun d and related work necessary for this

paper.   In particular, w e briefly highlight the

MPEG  video  com pression standard and the related

work in  variable-bit-rate video m odeling

2.1. MPEG Video Compression

The MP EG video compression standard has a

target compression rate of 1. 5 Mb ps for a video

stream  at 352x24 0 pixel resolution an d its related

audio sign al.   The MP EG video compression algo-

rithm  is a lossy DC T-based com pressio n standard

consistin g of th ree distin ct frame ty pes: I, P, and B

fram es.  Th e I  fram es are ind ependently co ded

(in tra-coded ).   A s a result, I-frames are very simi-

lar to those frames in a Motion-JP EG sequen ce.

P- frames are predic tive co ded from a previou s I  or

P fram e, taking advan tag e of the sim ila rities

between fram es in a video sequence.   F ina lly, B-

fram es are bi-direction ally predictive coded from

both a future and past frame.  Thus,  B - fram es offer

the h ig hest degree of co mpression at th e ad ded

exp ense of a large motion comp ensatio n overhead.

                         In the encoding of MPEG -video sequences, a

fram e pattern is typ ically ch osen such as

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

and is used to drive the com pression.  Wh ile the

comp ression  standard itself do es n ot force this

repeated pattern (virtually any frame sequence is

allowed ),  u sin g a  fixed pattern m akes the im ple-

mentation of th e video  enco der sim pler.  Using the

fram e pattern in the com pression of th e v id eo

sequence, th e resultant stream  exhibits burstiness

at mu ltiple tim e scales.  The fram e pattern itself

causes sh ort-term  bu rstiness.  The variation in

scene con ten t causes burstiness at a much larger

tim e scale.  Th is lo ng-term  burstiness is some tim es

referred to as the long-ran ge dependence [11 ].

Readers interested in a mo re detailed  descriptio n

of MPE G are referred to one of its overview

papers[10].

2.2. Related Work

                         Several m odels have b een proposed in th e lit-

eratu re for the mod eling  o f variab le-bit-rate v id eo

stream s such as MPEG .  Many  of th ese techn iq ues

observe (and w e ag ree) that th e lon g-term  varia-

tion  in comp ressed  video sequences are d ue to the

variation in  scen e co nte nt and  that the short-term

burstin ess is d ue to pattern  burstiness o f the v id eo

comp ression  standard b ein g used.   As a result,

much  of the m odeling o f MP EG video sequ ences

focuses on producing scen e level variations.

                         In [9], Laz ar,  Pacifici,  and  Pen darakis prop ose

a mod el that m odels video seq uences as a collec-

tion  of scenes.   Within a scene, a statistical m odel

is developed for both the seq uences of frames an d

th e slices within th e fram es.  In [8], the authors

in trod uce a m odel based on M/G/
inp ut pro-

cesses.  The au th ors evaluated  this m odel p rim a-

rily o n the autocorrelatio n function of the fram es

within the video seq uence.  Th e m ain  focus of this

work is the capture of th e long-range depend ence

th at video stream s exh ibit.

1

1. Note to reviewers:  There is more related work than we were

able to put in this page and font limited document.  We would

appreciate some suggestions on what areas to remove if you

feel that more related work is necessary.

3. The Video Model

Our prop osed video m odel is based o n the

assump tion  that w e wo uld like to use actual com -

pressed video traces to d rive sim ulations for

researc h and developm ent.  However,  we do not

want the large overhead involved with re-co ding

the sam e  video stream  to test different configura-

tio ns of the bit stream.   At a h ig h-level,  our

pseudo-m odeling approach takes as input a single

MPEG -1  (all I-fram e enco ded) o r Motion-JPEG

com presse d video stream  and then g enerate s an

MPEG -1  video  seq uence with inter-cod ed P  an B

fram es based  on a su bsample o f th e video stream .

The e ntire p ro cess is outlined in Figure 1.  We will

describe this process in  mo re detail in the follow-

ing paragraphs.

To p seudo-mo del video fram es w ith in the

stream , w e first select a representative sub-region

(ty pically less th an 5 m inutes w ill su ffice ) within

the original video seq uence and th en re-code it

into the ^target~ video format.  T he ^target~ fo rm at

includes bo th the fram e quantization levels and

fram e pattern ty pe.  Selectio n o f the sub-region

will b e d iscussed  in the exp erim entation section .

Using the resultant re-coded sub-region, w e then

split the stream  into the vario us frame types: I , P ,

and B  for MPE G video sequ ences.  For each class

of v id eo fram es, we plot th e pairs <original co ded

video fram e size, re-coded video fram e size> for

all the frames that were re-cod ed.  We use linear

regression an aly sis per fram e type to  create a

^best-fit~ lin e that minim izes the total m ean square

erro r.  D etails of linear regression an aly sis can be

found in [6]. Th e linear reg re ssion  fo r each  fram e

type results in three pa ram eters:

¯  m  - the slope of the linear regression line

¯  b - the y -intercept of the linear regression

¯  std_err  - the resulting standard error in the

estimation

Using the se  parameters, we then generate a

pseudo-m odeled video  sequence from  the original

all I-fram e MPE G video sequ ence or the Motion-

JPEG  video  sequence.   (Again , w e reiterate that

we assum e the video  stream  has b een constant-

¥
quality  comp ressed ).   Let each fram e of the origi-

nal sequence be den oted as f

j

.  The pseudo-m od-

eled video fram e is the de fined as:

                                                  f

                                                       j

                                                           ´ = f

                                                                                     j

                                                                                         *m  + b + pertabation

where the p ertabation is d erived from  a norm ally

distributed rando m num ber generator centered

around 0 w idth a sig ma of std_err .  The pertaba-

tion  co mpon ent sim ply prov id es so me ^random -

ness~ in the fram e distribution that exists in the

orig in al video sequ ence.

                         In th e modeling o f the video  stream , there are

several sm all im plem entation  details that we h ad

to  deal with.  F irst, it is possible that the evaluatio n

of the f

                                            j

                                                * m + b com ponent can resu lt in a negative

num ber.  This o ccurs when  the original fram e size

is fairly sm all w ith respect to the linear regressio n
lin e for the fram e type.   In th is case, we replace b

with (b /2 )  in th e m odel equation fo r f

j

´ .   Second ,

the calcu lation of the pertabation may  also result

in a larg e negative nu mber.  We lim it the effects of

very la rge pertabations (no matter how unlikely),

by making su re th e normally distributed pertaba-

tio n lies within 2 sig mas o f th e mea n pertabation

(0).  In  either of the above cases a negative  fram e

size is still possible.  In  the un likely event that this

occurs, we set the gen era ted video fram e to a m in-

imum  valu e of 28 bytes (which w e have observed

in MP EG-1 video com pression) .  Note, w e also set

any  pseu do-mod eled  v ide o fram e less than this

minim um to 28 bytes as well.

The accuracy of the pseud o-model w ill obvi-

ously depend on the  selection an d size of the sub-

region selected .  Too small a sub-region  m ay result

             Video Capture Equipment

MPEG (I-Frame) or M-JPEG

Constant Quality

Extract Represent.

Sub-region

Sub-region Encoding

into MPEG

Linear Regression

of B-frame Data

++

Linear Regression

of P-frame Data

++

                                                                                 Linear Regression

                                                                                     of I-frame Data

+

+ With respect to original data

++ With respect to re-coded I-frame data

Predict MPEG video

 based on LR analysis

Pseudo-Modeled Video

                                      Figure 1: Pseudo-Modeling Architecture:  This figure shows the pseudo-modeling architecture.  The

                                      input into this system is an MPEG (all I-frame encoding) or M-JPEG video stream that can be easily

                                      and inexpensively captured.  The output of the system is a sequence of video frame sizes that are pre-

                                      dicted based on a sub-sample encoding and linear regression analysis.

in  an inaccurate m odel, w hile to o large a sub-

region m ay result in additional overhead to the

research  (som eth in g to d efinitely b e avoided!).  A s

we will discuss later, we chose a sm all sub-reg io n

(5-6 minu tes) in the linear regressio n analysis for

th e entire video stream to better ap proximate w hat

research ers may be w illing to d o for the pseu do-

mod el.

4. Compressed Video Analysis

                         To bring som e validity to our approac h, w e

have captured and  co mpressed two  m ovies E .T. -

th e Extra  Terrestrial and  C roco dile Dund ee  into

several MP EG-1 co mpressed form ats .   We cap-

tu re d this video data using a P ioneer Laser D isc

player and a MiroVideo DC 30 Plus video  capture

board.  The MiroVideo D C 30 Plus board digitizes

th e data into the Mo tion-JP EG fo rm at.  We th en

used th e B erkeley MPEG  e ncoder (version 2.0) to
com press the actual video d ata.   The statistics for

the resultin g streams a re show n in F igure 2.  In

total,  w e com pressed approxim ately 26 hours  of

MPEG -1  video  fram es representing approx im ately

2.9 million  com pressed video fram es.

We chose the vario us parameters to g et a vari-

ety of encodings to  understand som e of the trade-

offs that the e ncoder m akes.  All video seq uences

are comp ressed  with a constant quan tization level

for the I, P, and B frame coefficients.  The default

quantization levels for th e enc oder are 8, 10 , and

25 fo r the I,  P, and B fra mes, respectively.  U sing

these settings results in a fairly sm all encod ed bit-

rate for ou r video sequences.  We b elieve that this

is probably due  to  the wide screen fo rm at that the

laser disc format ad opts to m aintain  the original

cinema aspect ratio.  That is,  these video stream s

were in the wide screen  format resultin g in a black

stripe acro ss th e top and b otto m of the video

                                                                 Name Pattern

I,P,B

Quant.

Psearch/Bsearch

Total

Frames

Compressed

bit rate

(Mbps)

                                     CD_122 IBBPBBI... 1, 2, 2 Log. / Cross2 174529 2.27

                                     CD_244 IBBPBBI... 2, 4, 4 Log. / Cross2 174529 1.11

                                     CD_8 IIIIIII... 8, -, - -- / -- 174529 1.38

                                     CD_81025 IBBPBBI... 8, 10, 25 Log. / Cross2 174529 0.31

                                     ET_122 IBBPBBI... 1, 2, 2 Log. / Cross2 204679 1.55

                                     ET_2 IIIIIII... 2, -, - -- / -- 204679 3.09

                                     ET_244 IBBPBBI... 2, 4, 4 Log. / Cross2 204679 0.75

                                     ET_244 IBBPBBI... 2, 4, 4 Subsample / Simple 204679 0.76

                                     ET_8 IIIIIII... 8, -, - -- / -- 204679 1.06

                                     ET_810 IPPPPPI... 8, 10, - Log. / -- 204679 0.25

                                     ET_81216 IBBPBBI... 8, 12, 16 Log. / Cross2 204679 0.23

                                     ET_81025_LC IBBPBBI... 8, 10, 25 Log. / Cross2 204679 0.23

                                     ET_81025_SC IBBPBBI... 8, 10, 25 Subsample / Cross2 204679 0.23

                                     ET_81025_SS IBBPBBI... 8, 10, 25 Subsample / Simple 204679 0.23

                                     ET_81025_EE IBBPBBI... 8, 10, 24 Exhaust. / Exhaust. 22,734 0.19

                                      Figure 2: Video Statistics Table.  This table lists the relevant statistics for the video sequences that digi-

                                      tized and compressed into MPEG-1 format.  All of these streams were compressed at 352x240 pixels at

                                      30 frames per second.

screen. Fo r the m otion -co mpen sation search, w e

had a variety of options available to us for both the

P and B  fram e video searches.  The Log arithm ic

and  C ross2  search alg orithm s take a su bsample of

points as possible m otion search m atches and th en

recursively searches again  with a smaller reg ion  at

th e point that had the best m atch.  A  descriptio n of

th ese search algorithm s can be found in [2 ].

                         Out of curiosity,  we w ere interested in how

much  better th e Exhaustive  search algo rithm  is for

th e m otion com pensation algorith m instead of

using one of the sim pler search algorithms.   While

Figure 2 (last row ) sh ow s that th e exhaustive

search algorithm has the smallest bit-rate,  this is

actually som ew hat m islead ing .  Using a 400 MH z

Xeon Pentium Processor with 51 2 MBytes, en cod-

in g th e 2 2,734 fram es required 30  day s of straight

comp utation.   T he encoded seg ment is from  the

start of side 2 on the laser disc (i. e. som ew here in

th e middle o f th e movie).  C omp aring  th is segm ent

with the sam e segm ent in the o th er ET movies

encoded w ith  8, 10,  and 25 quan tization levels for

th e I, P,  and B fram es lead us to a som ew hat sur-

prising  result: using the exh austive search h ad n o

net gain in comp ression .  We fo und that m any
fram es were actu ally larger in the exhaustively

com presse d v ideo  sequ ence (in addition to m any

smaller on es).   We suspect that the exhaustive

matching criteria resulted in slightly more  coeffi-

cients in the D CT, causing a slightly higher bit rate

in some circum stances.  The m otion com pensation

algorith m uses the mean  ab solu te difference m ea-

suremen t [2 ].

A Brief Analysis of the Compressed Video

In this subsection,  we briefly highlight som e

of the insights that lead  us to propose the p seudo-

mod el approach.   In Figure 3 , w e have graph ed all

the I-fram e pairs of: (E T_122,  E T_12 2), (E T_122 ,

ET_ 244), and (E T_122 , ET _81025).   The straight

lin e, y=x,  are the (E T_122,  ET_ 122) points.  A s

show n by the figu re,  both m ovies exh ib it a stro ng

correlation betw een the coarser qu antization level

encodings and the I-frames from the ET_1 22

sequence.  The  correla tion coefficient between  the

1 quantization  and  the 2 and 8 q uantization I-

fram es are g reater than 0.94.   Each graph in the

fig ure represents approximately 30 ,000 fram es of

video.

In Figure 4,  we have graphed a similar analy-

                                      Figure 3: I-frame MPEG Analysis.  These figures show the x-y scatter plot for the I-frames in the video

                                      sequences encoded with quantization levels (1,2,2),  (2,4,4), and (8,10,25) with respect to the (1,2,2)

                                      encoding.  Thus, point (22000, 10000) represents an I-frame that requires 22,000 bytes to represent at a

                                      quantization level of 1 and that requires 10,000 bytes at a quantization level of 2.

                                                                                                    a) Crocodile Dundee b) E.T.

            a) Crocodile Dundee  - P frame distribution b) E.T - P frame distribution .

            c) Crocodile Dundee - B frame distribution d) E.T - B frame distribution

            e) Crocodile Dundee - frame size histogram f) E.T.  - frame size histogram

Figure 4: P and B Frame Analysis:  This figure shows the distribution of P and B frames from

ET_81025_LC compared to the I-frames in the sequence ET_8.  Figures (e) and (f) shows the histogram

of the distribution of all frames in the ET_81025_LC video sequence.

sis o f the P  and B  fram es within the MP EG v id eo

sequence.  In figures (a) and (b), we  see th at there

is a large den sity of video fram es in the lower left

hand corner.  T hese frames are typ ically the fad e in

and fade out fram es that co mpress well (and eas-

ily).   Toward the right and up per sid e of the

graphs, there are two d istinct region s of fram es: a

higher d ensity of fram es towards the right and a

sligh tly sm aller density of fra mes near the y=x

line.   T he frames th at tend to b e closer to the y=x

line are m ainly due to the use of a fixed p attern in

th e video  sequ ence.  H ere, the MPE G encoder is

forced to use a particular encoding across a scene

boundary.  A s a result,  the P  fram e h as a large

num ber of intra -co ded ( I -fram e) macrob lo cks

because there is insufficient redu ndancy  betw een

th e P  frame an d the past frame it is tryin g to be dif-

feren ced from .  We note th at the P -fram es sh ow n

above approxim ately 200 0 bytes are less than 10%

of all the P  fram es w ithin the m ovie.

                         In figures (c) and (d), we see the advantage

th at bi-d irectionally enco ded video fram es have

over P  fram es.  In these figu re s,  w e see that the B

fram es have a mu ch denser distribu tion o f d ata.

Because the MPEG  encoder has many choices for

comp ression  (at the expense of m ore p ro cessin g

requirement), it is effective at fin ding an appropri-

ate m otio n com pensated block to  use,  either in the

futu re  or the pa st reference fram e.  Th at is, the

motion com pensation is allowing m ay of the

blocks to be co ded as skipped.  T hus, the B -fram es

contain a large percentage of no D CT coefficients

but just m otion vectors.  We also suspect th at the

la rger B  fram es in  the C rocod ile Du ndee video are

due to very quick action scenes with large am ounts

of fast pans taking the video ou t of the m otio n

search wind ow.

5. Experimentation

                         In this section, we describe the expe rim ents

th at we used to evaluate our p seudo-m odelin g

approach.  We first describe how w e selected a

sub-region for the m odeling an d then d escribe the

performance o f th e mod eling  algorithm  in two

exam ple application areas.

5.1. Pseudo-Model Sub-Region Selection

One of the impo rtant aspects of pseudo-m od-

elin g is tha t you do not  want to encode th e entire

video stream  to  figure out w hat the m odel param e-

ters should be (or yo ud́  rath er use the actual

data!).   The q uestion  then becom es how much of

the video stre am do yo u need to enco de to g et the

approxim ation  p aram eters necessary for p seudo-

mod eling . In tu itively,  a sam ple from  the video

stream  that captures a larg e po rtion of the fram e

sizes is the most u sefu l.   For the mo delin g, w e

picked two regions fro m the E.T.  m ovie (m inutes

36-37, and minutes 7 0-75).  We first picked the 70-

75 minute region because is seemed to con tain the

broadest variety of fram e sizes.  Figure 5  show s

the I-fram e d ata for the two movies that w e have

been examining.   We see that the 70-75 m inute

region in E.T. has both sm all and large frame sizes

in it.  After examining  this reg io n, w e found  that

there were actually very few  fram es in the region

above 40, 000 by tes so w e added the 36-37 m inute

region to th e linear regression sample, leaving a

total of 6 m inute ou t of the 99 minutes in  the

movie.  The resulting I-fram es (com pared w ith  the

I-fram es from  the 1 Q uantizatio n fram es) are

show n in Figure 6(b).  As shown  in this fig ure,

muc h of th e basic shape in Figure 3 (b ) has been

captured.

Fo r the m ovie C roco dile Dund ee , w e selected

the region from  time  38-43 m inutes, a five m inute

segm ent for the linear regression analysis.  T he

sub-region I-frames com pared with the I-fram es

fro m the 1 Q uantiza tion fram es is shown  in

Figure 6(a).  Again , we see tha t by cho osin g a

region that covers a large po rtion of the frame size

space allows th e linear regression  to be perform ed

on points similar to th e entire video stream  being

re-co ded.

5.2. Applications of Pseudo-Modeling

In this section w e highlight the use of p seudo-

mod eling  for MPEG  videos in two application

areas: au toc orrelation for long-range depend ence

analysis and bandw id th  sm oothing techniqu es.

Using the linear regression n umbers determined in

Section 5. 1, w e then  applied this to th e entire

video seque nce to create a ^g enerate d~ MPEG -1

video se quence.  We comp are the perfo rm ance of

th e generated v id eo sequence with that o f the

actual video stream  that it is tryin g to m odel.

Autocorrelation

                         The au toco rrelation function describ es the

lo ng-range depend ence a video stream exhibits

and has been the fo cus of several MPE G-1 v id eo

mod eling  papers.  Typically, the autocorrelatio n

functio n is used  on th e independ ent frames within
the video  stream [8] but has been used o n inter-

coded vid eo sequen ces as w ell [9 ].   To test the per-

formance of a pseudo-m odeled video stream for

this app lication, w e used  the linear regression

mod el that was d erived in  Section 5. 1.  The results

of the linear regression for Crocodile D undee w ere

( m = 0.338 , b =  -42 41, std_err = 292 ), while the

results for the movie E.T.  were ( m = 0. 311, b = -

3520,  std_err = 451 ).  It is interesting to  no te that

the linear reg ression  an aly sis is very  sim ilar to that

of the entire coded sequence and both m ov ies have

very comp arab le linear regression param eters.

                                      Figure 5: MPEG-video I-frame Data.  This figure shows the I-frames encoded with quantization level 1

                                      (i.e. the highest quality) from the CD_122 and ET_122 MPEG-1 video sequences.

                                                                                                                a) Crocodile Dundee b) E.T.

                                      Figure 6: Video Subsampling.  These figures show the result of sub-region selection for the linear

                                      regression analysis.  For the movie Crocodile Dundee , minutes 36-37 and 70-75 are shown in figure (a).

                                      For the movie E.T. , the 8 quantization vs. 1 quantization I-frames for minutes 38-43 are graphed in fig-

                                      ure (b).

                                                                                                                a) Crocodile Dundee b) E.T.

                         The results of the au toco rrelation analysis are

show n in F igu re 7.  A s shown in  th e graphs, usin g

th e pseudo-m odel results in autocorrelation  func-

tion s that are nearly identical to th e original, even

th ough we used just 5 and 6 minute samples for

th e linear regressio n analysis.  While w e m erely

guessed the region to use in the analysis,  our first

in tu itive guess seem ed to wo rk  well.  Future work

will co nsid er the actual selec tion process for these

sub-regions and their imp act on the models.

Bandwidth Smoothing

                         Bandw idth sm oothing techniques are u sed to

efficien tly allocate n etwork and server resources

for th e continuous delivery of com pressed prere-

corded video stream s [3 ].   B y an aly zin g the a pri-

ori  information available fro m stored v id eo

stream s (i. e. the fram e size inform atio n), the deliv-

ery of the v id eo stream  can be planned to o ptim ize

certain m etrics.  Using  a clien t buffer to prefetch

data, the  server can send bursts of large fram es

before  they hap pen so th at during the burst,  the cli-

ent can  augm ent network bandw idth with b and-

width from  the buffer.  The two bandw idth

smoo th ing  alg orithm s that we h ig hligh t h ere mini-

mize th e peak  bandw idth requ irem ents for the

delive ry  of stored video stream s while minim izin g

th e total num ber of rate changes[4] o r minim izin g

th e variab ility o f bandw idth requirem ents[12 ].

Finally, w e note tha t these band width smo oth in g
algorith ms assume that the client-side buffer has a

fixed m axim um size.

Our first experiment examines the effect of

pseudo-m odeling on the total num ber of rate

changes for th e m inimum  changes ba ndwidth allo-

cation a lg orithm .  U sing the m ovie CD _8 and

ET_8 , w e u sed the same lin ear regression analysis

as p resen ted  in Section 5. 1.  In this experim ent,

how ever, w e m odeled bo th  the B  and P fram es in

the video  stream.   Fo r the C roco dile Du ndee

movie, we u sed the linear regression to transform

the CD_ I8  m ovie into a pseudo-m odeled CD

movie w ith  quantization 8 , 10 , 25 .  We th en com -

pared this with the actu al C D_8 1025  m ovie. T he

resulting performance fo r th e actual and p seudo-

mod eled  video streams are sh ow n in Figure 8 .

Here, w e see that the actual and  pseudo-m odeled

approach resu lt in  very  similar graph s even under

small bu ffer requirements.

  In Figure 9 , we have  graph ed the band width vari-

ability graphs for the minim um variability b and-

width a lloca tion  algorithm .   H ere, w e see th at the

pseudo-m odeled video stream  results in  a smaller

bandw id th  varia bility in the stream.  We believe

that this is due to th e fact th at by u sin g a random ly

generated pertabation that in som e instance a large

positive p ertabation get canceled by a large nega-

tive pe rtabation in adjacent frames.   N evertheless,

the graph s are comparab le,  typically d iffering  by

                                      Figure 7: Autocorrelation Analysis.  These figures show the autocorrelation analysis using the actual

                                      video stream sequence and the pseudo-modeling approach for Crocodile Dundee  and E.T .

                                                                                                                a) Crocodile Dundee b) E.T.

le ss than 10%.  We no te that since the basic perfor-

mance tren ds has been  captured, the pseudo-m odel

generated movie is m ost likely very similar to a

movie w ith slightly  different coding  param eters.

(For exam ple, I,  P, B fram e qua ntization levels of

9, 12 , and 27 instead o f the 8, 10, 2 5 used h ere ).

6. Acknowledgments

This work was su pported in part by grants from  the

National S cience Found ation , A meritech, and the

Ohio State Research  Foundation.  T he work
reported in this paper d o not necessarily reflect the

view s of the fun din g agencies.

7. C onclusions and Future Work

In this paper, we have introduced a novel tech-

nique for the m odeling of MPE G movie data based

on a Mo tion-JP EG or all I-fram e encod ed MPEG

video stream .  This technique allows re sea rch ers to

use real com pressed v ideo  data to ca ptu re the right

long-term dep endence bu t without the overhea d of

having to re-co de th e v id eo seq uence if m ore than

                                      Figure 8: Bandwidth Smoothing Changes.  These graphs show the performance of pseudo-modeled

                                      MPEG video sequences (with frame pattern IBBPBBI...) from all I-frame encoded sequences for the

                                      movies Crocodile Dundee  and E.T.   Each graph shows for a given buffer size, the result of the minimum

                                      changes bandwidth allocation algorithm .

                                                                                                                a) Crocodile Dundee b) E.T.

                                      Figure 9: Bandwidth Smoothing Variability. These graphs show the performance of pseudo-modeled

                                      MPEG video sequences (with frame pattern IBBPBBI...) from all I-frame encoded sequences for the

                                      movies Crocodile Dundee  and E.T.   Each graph shows for a given buffer size, the result of the minimum

                                      variability bandwidth allocation algorithm .

                                                                                                                a) Crocodile Dundee b) E.T.

one quality  level or fram e pattern type are desire d.

                         Our approach takes a small sub-region  from  an

all I-fram e MPEG  seq uence or a Motion-JPEG

sequence, w hich can be easily and inex pensively

captured w ith comm odity com ponen ts,  and u ses a

sub-region to create a linear regression m odel of

th e video  stream (quality an d fram e type ) to be

mod eled . O ur results show that the pseudo-m odel

works fairly well at capturing the ^essen ce~ of the

video stream s with just a sm all sam ple (< 5% of

th e entire movie trace) w itho ut the large overh ead

in  doing th e entire comp ression .

                         We have cap tu red  and  com pressed 26  hours of

comp ressed  video data to stu dy the pseudo-m odel-

in g approach .  We h ave presented an in-dep th  anal-

ysis of this d ata and have fo und some interestin g

tren ds in MPE G en coders.  We hope to make these

stream s available for mu ltim edia system s

research ers as part of the ACM Multimed ia `9 9

web page.

                         Future wo rk  inclu des a m ore in -d epth analysis

of sub-region selection and its im pact on the syn-

th etically generated video stream .  We are also in

th e p ro cess of capturing several m ore v id eo

stream s to  add  to the library that w e have produ ced

to  co ntin ue the verification of our results.   We plan

to  explore m ore o f the MPEG  encoding param e-

te rs.   In particu lar, th e MP EG e ncoder from B erke-

ley has a maxim um  search window of +/- 1 0

pixels.  We would like to investigate w hether play-

in g with this w in dow  results in a beneficial or det-

rim ental effect on the com pression .  Finally, w hile

th e MPEG -2  and MPE G-1 video  standard are very

sim ilar (fo r non-interlace d video), w e are inter-

este d in extending this m odel for MPE G-2 v id eo

stream s.

8. References

[1] J. Beran, R. Sherman, M. Taqqu, W. Willing,

                         ^Long-Range Dependence in Variable-Bit-Rate

                         Video Traffic,~ IEEE Transactions on Commu-

                         nications , Vol. 43, pp. 1566-1579, 1995.

[2] V. DeKalb, Video Processing, McGraw-Hill

Publishers, 1995.

[3] Wu-chi Feng, S. Sechrest, ^Smoothing and

Buffering for Delivery of Prerecorded Com-

pressed Video~, In Proceedings of IS&T/SPIE

Multimedia Computing and Networking  , Feb.

1995, San Jose, CA, pp. 234-242.

[4] Wu-chi Feng, F. Jahanian, S. Sechrest, ^An

Optimal Bandwidth Allocation Strategy for the

Delivery of Compressed Prerecorded Video~,

ACM/Springer-Verlag Multimedia Systems

Journal,  September 1997.

[5] D.P. Heyman, T.V. Lakshman, ^Source Models

for VBR Broadcast-ideo Traffic,~ IEEE/ACM

Transactions on Networking , Vol. 4, No. 1, pp.

40-48, Feb. 1996.

[6] Raj Jain, The Art of Computer System Perfor-

mance Analysis; Techniques for Experimental

Design, Measurement, Simulation and Model-

ing , John Wiley and Sons, 1991.

[7] Predrag Jelenkovic, A. Lazar, N. Semret, ^The

Effect of Multiple Time Scales and Subexpo-

nentiality inMPEG VideoStreamson Queueing

Behavior~, IEEE Journal on Selected Areas in

Communications , Vol. 15, No. 5, May 1997.

[8] Marwan Krunz, A. Makowski, ^A Source

Model for VBR Video Traffic Based on M/G/

Input Processes,~ In  Proceedings of INFOCOM

`98 .

[9] A. Lazar, G. Pacifici, and D. Pendarakis, ^Mod-

eling Video  Sources for Real-Time Schedul-

ing,~ ACM Multimedia Systems , Vol. 1, No. 5,

pp. 253-266, 1994.

[10] Didier LeGall, ^MPEG: A Video Compression

Standard for Multimedia Applications,~ Com-

munications of the ACM , Vol. 31, No. 4, pp. 47-

58, April 1991.

[11] B. Ryu, A. Elwalid, ^The Importance of Long-

Range Dependence of VBR Video Traffic in

ATM Engineering: Myths and Realities,~ In

Proceeding of ACM SIGCOMM `96 , pp. 3-14,

Aug. 1996.

[12] J.D. Salehi, Z.L. Zhang, J.F. Kurose, D. Tows-

ley, ^Optimal Buffering for the Delivery of

Compressed Prerecorded Video~, in Proceed-

ings of ACM SIGMETRICS , pp. 222-231, May

1996.

¥