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Abstract— Long been observed characteristics of empirical VBR pro-
cess is its slowly decaying sample autocorrelations. In this work, we
explain slowly decaying sample autocorrelations of the empirical VBR
using the non-stationary model, which well reflects the stochastic char-
acteristics of VBR process. Our model generates the synthetic sequence
which has the same periodic characteristics as well as slowly decaying
sample autocorrelations of the empirical VBR process. Simulation ex-
periment results confirm that the proposed model provides satisfiably
good projection on stochastic behavior of the empirical process in terms
of packet loss and burstiness of packet loss. The result of our work not
only contributes to provide the theoretical explanation on the observed
characteristics of VBR traffic but also contributes to developing efficient
method for generating synthetic sequence for various engineering pur-
poses.
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I. INTRODUCTION
A. Motivation

Variable Bit Rate(VBR) video traffic is expected to be one
of the major workload which constitutes substantial frac-
tion of network traffic. There have been a number of stud-
ies on characterizing the stochastic property of VBR video
traffic, e.g. Markov Modulated Poisson Process[10] and
Long Range Dependent Process[3]. Important underlying
assumption in these works is that the VBR process is co-
variance stationary. However, the stochastic nature of the
VBR traffic with regular GOP pattern and with the bound
on the maximum and the minimum playback rate may not
satisfy stationarity prerequisite. In this study, we develop a
stochastic model which reflects the characteristics of inter-
frame coded VBR video traffic with regular GOP pattern.
The novelty of our effort lies in the fact that our modeling
approach can effectively capture the non-stationary aspect
of empirical process. The intuition behind our approach
is that the slowly decaying and periodic sample autocorre-
lation structure of VBR traffic can be originated from the
periodic behavior(which is non-stationary) in small time
scale.

B. Related Works

The notion of long range dependence provides the ef-
fective explanation on the stochastic characteristics of ag-
gregated packet traffic of modern computer networks and
systems[9], [17], [12], [13], [4], [7]. Kant et al.[7] analyze
the characteristics of web traffic and apply the finding in
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designing various components of server hardware. Gar-
rett et al.[3] analyze the LRD property of VBR traffic under
the context of self-similarity. Lucantoni et al.[10] model
the VBR source using the Markov renewal process. Krunz
et al.[8] examine the autocorrelation structure of empirical
VBR process and proposed a simple model which can simu-
lates the autocorrelation structure of VBR video traffic. Ryu
et al.[15] investigated the impact of long term correlation
of VBR traffic in network performance. Recently, a num-
ber of works investigated the behavior of the system under
non-stationary arrival process[16], [14]. Frey et al.[2] exam-
ine periodic behavior of the empirical VBR process caused
by regular GOP pattern and proposes GOP GBAR model.
The GOP GBAR model formulates the VBR traffic as the
sum of varying number of stationary GBAR model[5] with
respect to I, P, B frame types. This model well captures
the periodicity of VBR sequence with regular GOP pattern,
but, however, is not able to provide rigorous explanation
on slowly decreasing and periodic sample autocorrelations
of VBR sequences with regular GOP pattern because the
GBAR model has geometrically decreasing autocorrelation
function. None of these works were able to provide satisfi-
able model for the deterministic time dependent behavior of
empirical VBR process(which is caused by regular GOP pat-
tern) nor to address its implication on the observed slowly
decaying sample autocorrelation property.

II. StocHAsTiC ANALYSIS
A. Non-stationarity of Empirical Process

Since the characteristics of compressed VBR trace can
vary largely depending on the nature of the original scene,
we examine three different types of video scenes: drama,
news, and sports to make the result of this study more
robust. VBR files are compressed with MPEG-2 encoder
board which is used to author broadcast quality DVD ti-
tle. Maximum, minimum and average playback rate is
set to 20 Mbits/sec, 4 Mbits/sec and 9 Mbits/sec, respec-
tively. Frame rate is 30 frame/sec with GOP pattern of
IBBPBBPBBPBBPBB. There are about 8900 frames in each
file(295 sec’s playback). This trace data is publicly available
at [6].

Fig. 1(a), Fig. 1(b) and Fig. 1(c) magnifies the sequence
of frame sizes at the relatively smaller time scale. Simply
from eyeball test, we can see that the frame sequence yields
strictly regular pattern: big spike in every 15 frames which
actually corresponds to I frame, medium size spike in every
3 frames which actually corresponds to P frame. There is
minor variation in the size of individual spikes. Nonethe-
less, this regularity of the spikes persists through the entire
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Fig. 1. Evidence of Non-Stationarity: Sequence of Frame Size in small time scale

sequence across the three different types of video. It is
important to note that most of the commercially available
encoder uses regular GOP pattern in compression.

The notion of stationarity is pretty well defined in the
context of stochastic process. However, whether the given
empirical process is stationary or not is quite argumenta-
tive subject. A certain empirical process can be stated as
non-stationary only when it exhibits strict time dependent
behavior and there is a clear cause for it. In all test se-
quences, we have observed deterministic and strict time
dependent behavior as in Fig. 1. Further, there is not much
difficulty in finding the definitive cause for this time depen-
dent behavior: GOP pattern of the encoder.

Fig. 2 illustrates the autocorrelation structure of our test
sequences: news, drama and sports. The correlation struc-
tures in Fig. 2 are quite complicated and exhibit strong and
periodic correlation structure. There are large positive cor-
relations in the lag of multiples of 15. This is due to the
correlations between I frames. The medium scale correla-
tion which occurs at the lag of multiples of 3 is due to the
correlation between P frames or between P and I frames.

B. Existence of Long Range Dependency?

A process {X;} is called a LRD(long range dependent)
process if there exist C, > 0 and 0.5 < H < 1 such that

pr = Corr(Xy, Xpy) = SRS~ C 2,
The parameter H is called Hurst parameter and is used to
indicate the degree of long range dependency. A given
time series is said to be long range dependent if autocor-
relations decay hyperbolically rather than exponentially
fast and therefore is non summable, i.e. Y. px = co.
There are a number of methods for estimating Hurst pa-
rameter of traffic sequence, e.g. R/S plot(rescaled adjusted
range plot), Variance Time plot, Periodogram based MLE
estimate[9]. We estimate H value of empirical process
using the pox diagram of R/S and simple least squares
fit. That is, for n = 10,11,---,T, where T is sample
size, we subdivide the whole samples into non-overlapping
blocks with sample size n and compute R, and s,, where

R, = maxi<k<n [Zi‘czl Xi— k)_(n]—minlskg [Zile Xi— k)_(n] and
_ 112
Sy = [% Y Xi- Xn)z] / . The pox diagram of R/Sis the plot

R
of log,, 5* versus log,, 7.

as k — oo.

Fig. 3 illustrates pox diagrams of R/S of our VBR traffic.
The estimate H of the Hurst parameter H is obtained by the
street’s asymptotic slope which is typically obtained by a
simple least squares fit to (log,,(n), log,, lj—n”)’s. H-parameter
estimates of our three test sequences(drama,news sports) are
much greater than 0.5. Judging from these H-parameter es-
timates along with the observed slowly decaying sample
autocorrelations, it is not unreasonable to conclude that the
empirical VBR traffic is self-similar if we do not consider the
seasonality of the underlying process.

C. LRD vs. Non-Stationarity

Sample autocorrelations in Fig. 2 decrease very slowly
with the lag. This type of very slowly decaying autocorrela-
tion function can be usually observed in the non-stationary
process, e.g. random walk S;, 5S¢ = X; + -+ + X; where
X;’s are independent and identically distributed with mean
zero and variance 02[1]. In Fig. 1, we also can observe
the periodic feature of the sample autocorrelation function,
which can be easily found in seasonal data, e.g. sequence
of monthly average temperature. Given all these, we care-
fully conclude that the non-stationary modeling approach
can provide explanation on observed stochastic behavior of
the empirical process.

III. MoDELING
A. GOP-ARIMA Model

The sample autocorrelation functions of our VBR se-
quences decay very slowly and exhibit periodicity with
period I-to-I and P-to-P frame distance. In this work, we
develop nonstationary model called GOP ARIMA(ARIMA
for Group Of Pictures) to model the empirical VBR pro-
cess, which shows the periodic pattern and whose sample
autocorrelation function exhibits the slowly decaying and
periodic feature.

GOP-ARIMA process is a special part of the ARIMA pro-
cesses [1] and shows a strong correlation at the periodic GOP
lags, i.e., with which the autocorrelation function suggests
a periodic GOP series.

Definition 1: (The GOP-ARIMA(p,d, q)s X (P,D,Q)s Pro-
cess). If d and D are non-negative integers, then {X} is said
to be GOP-ARIMA(p, d, q)s X (P, D, Q)s process with period
s and S if differenced process Y; = (1 — B%)4(1 - BS)PX;, is an
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Fig. 3. R/S plot for estimating the Hurst parameter of the empirical VBR process

ARMA(p,q) process,
P(B)D(B)Y; = O(B*)O(B*)es, )
where ¢(z) = 1 - rz—--- = ppz/, P(z) = 1 - Dyz—-- - — DpzF,

0(z) = 1+01z+- - -+0,27,0(z) = 1+O1z+- - -+Oz?, and {e;} is
a independent and identically Normal distributed random
sequence with the mean 0 and the variance o2.

If p=0,9 =0,d = 0, then we use the notation GOP-ARIMA
(P, D, Q)s instead of GOP-ARIMA(O0,0,0); X (P, D, Q)s. Usu-
ally, the periodicity of the process is found by inspecting the
graph of the series and its sample autocorrelation function.

B. Finding the Model for Empirical VBR Process

The accuracy of GOP-ARIMA model for empirical VBR
traffic depends on finding the appropriate values for dif-
ference orders d and D, and autoregressive and moving
average orders p, g, P and Q. There are a number of ways
in determining these values. One way of determining the
appropriate values for the given empirical process is to use
the criterion called Schwartz Bayesian Criterion(SBC). SBC
is defined as SBC = log(s?) + ylog(n)/n, where y is re-
lated to the number of parameters used in the model, i.e.
y =p+q+P+Q+1,nis the number of data and 42 is
considered as the amount of errors of a fitted model and is
the maximum likelihood estimator of 6> which is the vari-
ance of €; in the equation (1). The model can be said more
accurate as its SBC value is smaller. In this method, we first
select a number of GOP-ARIMA models as possible choice
for the given empirical process and compute SBC value for
each model. The model with the minimum SBC value is
chosen as the optimal model for the given empirical pro-
cess. In computing SBC value, the parameter values for ¢’s,

0’s, @’s and ©’s are estimated using maximum likelihood
method.[1]

We use SBC criterion to obtain a suitable GOP-ARIMA
model for each test sequence. The set of possible
choices consists of the following GOP-ARIMA models:
(GOP-ARIMA(p, d,q)s X (P,1,Q)i5 : p,q, P.Q = 0,1,2,3,
and d,D = 0,1}, where, the numbers 15 and 3 in
GOP-ARIMA(p,d, q)3 X (P,1,Q)15 denotes the I-to-I and I-
to-P (or P-to-P) frame distance, respectively. We select the
GOP-ARIMA model for each VBR traffic, news, drama, and
sports, which has the minimum SBC value from this set. All
computations and fitting processes are implemented using
SAS package. GOP-ARIMA models for Drama, News and
Sports VBR process are obtained as in Eq. 3, Eq. 4 and Eq. 5,
respectively.

Drama: (1 -BY)(X; —10.511) = (1 — 0.644BY)e;, (2)
6% = (5835.5)
News:  (1-BY)(X; -2.757) = (1 -0.730B®)e;, (3)
6% = (6680.3)
Sports  (1+0.036B" - 0.033B*°)(1 - B*)(1 - B?)
x (X, —2.187) = (1 — 0.863BY)¢,, 4)

6% = (4853.0).

Figures in Fig. 4 plots empirical VBR processes and the syn-
thetic sequences generated by fitted GOP-ARIMA model
in Eq. 3, Eq. 4 and Eq. 5. As can be observed, synthetic
processes generated by GOP-ARIMA model well capture
the periodic nature of the empirical VBR process as well as
slowly decaying sample autocorrelations.
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IV. Anarysis oF QUEUEING BEHAVIOR

We examine the behavior of the queuing system under
three different workloads: (1) Empirical VBR process, (2)
fitted GOP-ARIMA based synthetic process in Eq. 3, Eq. 4,
and Eq. 5, (3) self-similar process which has the same H
value, sample mean and sample variance as the empirical
VBR process. The queueing system used in this experi-

ment is simple queueing system with single server and
finite queue. In this study, we use FGN(Fractional Gaus-
sian Noise)[11] in generating the self-similar process. The
H-values of VBR processes for Drama, News, and Sports
video clips are 0.86, 0.74 and 0.97, respectively(Fig. 3).

The unit of simulation time is frame time. Frame rate of our
VBR process is 30 frames/sec and thus in our experiment, 1
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simulation time corresponds to 35 sec. We assume that each
frame is packetized in the unit of 1024 Byte packet, and is
passed to network access layer.

A. Packet Loss

Fig. 5 illustrates the packet loss behavior. X-axis denotes
service time in the unit of frame time and Y-axis denotes the
packet loss probability. In this figure, we examine how the
packet loss changes with the increase of service time with
finite queue length of 100(packets). Self-similar process gen-
erated by FGN exhibits much bigger loss probability over all
service time scale. On the contrary, the process generated by
fitted GOP-ARIMA exhibits very similar packet loss behav-
ior as the empirical VBR process. In VBR process of Drama
and News clips, GOP-ARIMA based model slightly over-
estimates the loss probability. In Sports clip, GOP-ARIMA
based process exhibits almost the same packet loss behavior
as the empirical process in log scaled plot.

B. Frame Corruption

Even though the aggregate loss is the same, it is possi-
ble that burstiness of packet loss may exhibit quite different
characteristics. Uniform distribution of loss implies that rel-
atively larger number of frames are affected. On the other
hand, if packet loss occurs in burstier fashion with aggre-
gate packet loss being the same, then the number of frames
affected will be relatively smaller. There will certainly be
the noticeable difference between the perceivable quality
of the stream. Frame is said to be corrupt if one or more
packets which constitute the frame is missing. We examine
the probability that frame is corrupt, Fig. 6. X-axis denotes
the service time of the server in the simple queuing system,
and Y-axis denotes the P(Corrupt Frame). We can observe in
frame level analysis that the proposed GOP-ARIMA based
modeling approach closely captures the frame level behav-
ior of the original empirical process.

V. CoNcLUDING REMARKS

In this work, we provide the physical explanation of the
slowly decaying autocorrelations of the empirical VBR pro-
cess by exploiting the non-stationary property of the un-
derlying process. We develop a stochastic model called
GOP ARIMA. This model can be thought as the multi-
plicative seasonal ARIMA process which is practically tai-
lored to incorporate the intra GOP structure of the VBR
bandwidth process. GOP-ARIMA model based interpreta-
tion of VBR traffic reflects the regular GOP pattern of the
traffic and provides the robust explanation on the slowly
decaying autocorrelations of the empirical process. The
synthetic sequence generated by proposed GOP-ARIMA
model well captures the deterministic time dependent be-
havior of the empirical VBR process and exhibits very sim-
ilar slowly decaying and pseudo-periodic autocorrelation
structure found in empirical VBR process. To measure the
goodness of the proposed model, we analyze the queuing be-
havior of the three different processes: empirical VBR process,
GOP-ARIMA based process, and self-similar process generated
by FGN. GOP-ARIMA based process very well captures the

packet loss behavior and burstiness of the packet loss behav-
ior of the empirical VBR process. Whether the given process
is stationary or not is subject to argument. Yy aggregating
the original process at GOP level, we can easily remove the
seasonality from the underlying process. The process re-
sulted from this transformation which corresponds smooth-
ing in practical sense still carries sigficant importance. De-
termining the time scale of interest, i.e. packet level, frame
level, GOP level, etc. for end to end multimedia streaming
transport is very important issue and should be dealt with
in depth in separate context. Depending on the time scale,
the underlying process may exhibit different traffic charac-
teristics. Our work is focused on providing the frame level
analysis of the empirical VBR process.

The result of our work not only contributes to provide
the theoretical explanation on the observed characteristics
of VBR traffic but also contributes to developing a faster
and efficient method for generating synthetic sequence for
various engineering purposes.
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