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Abstract In this work, we develop a stochastic model,
GOP ARIMA (autoregressive integrated moving average
for a group of pictures) for VBR processes with a regu-
lar GOP pattern. It explicitly incorporates the determinis-
tic time-dependent behavior of frame-level VBR traffic. The
GOP ARIMA model elaborately represents the inter- and
intra-GOP sample autocorrelation structures and provides a
physical explanation of observed stochastic characteristics
of the empirical VBR process. We explain stochastic char-
acteristics of the empirical VBR process, e.g., slowly decay-
ing sample autocorrelations and strong correlations at the
lags, based on the aspect of nonstationarity of the underly-
ing process. The GOP ARIMA model generates synthetic
traffic, which has the same multiplicative periodic sample
autocorrelation structure as well as slowly decaying auto-
correlations of the empirical VBR process. The simulation
results show that the GOP ARIMA process very well cap-
tures the behavior of the empirical process in various re-
spects: packet loss, packet delay, and frame corruption. Our
work makes a contribution not only toward providing a theo-
retical explanation of the observed characteristics of the em-
pirical VBR process but also toward the development of an
efficient method for generating a more realistic synthetic se-
quence for various engineering purposes and for predicting
future bandwidth requirements.
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1 Introduction
1.1 Motivation

Recent advancements in microprocessor speed, communi-
cation media, and storage technologies enable computers
to store and transport huge amounts of information. Fur-
thermore, advances in 3G wireless communication service,
home networking, and wireless personal area network
(WPAN) technologies, accompanied by a rapid decrease
in hardware form factor, have opened up a new era of
ubiquitous dissemination and consumption of multimedia
contents. Variable bit rate (VBR) video traffic is expected
to be one of the major workloads of a substantial fraction
of network traffic in wired and wireless environments [28].
Despite all these technical achievements and the initial
success in prototype service, realization of streaming
service is still being challenged by a number of technical
issues. One of the major factors that practically prohibits
the cost-effective deployment of streaming services is the
fact that real-time video streaming still consumes too many
resources to compete with legacy removable-storage-based
entertainment media, e.g., video cassettes and DVDs [29].
Comprehensive understanding of VBR traffic can be used
to effectively exploit the resources involved in transporting
a real-time video stream, e.g., buffer allocation in the
server, I/O scheduling, network bandwidth management,
etc. Henceforth, obtaining the invariant characteristics of
VBR traffic can no longer be emphasized.

One of the most widely used coding schemes,
MPEG [41], exploits the spatial and temporal information
redundancy in successive frames. There are three types of
frames in the MPEG coding scheme: I, P, and B. Frame
type I is self-contained, frame type P carries the information
difference from the preceding I type frame, and frame type B
contains the interpolated information between consecutive I
or P frame type pairs. One of the important features in the
MPEG encoding process is that the GOP structure has been
built as a way to preserve a degree of random access and
to achieve a high level of compression. The GOP structure
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specifies the number and temporal order of P and B frames
between two successive I frames. The GOP structure is rep-
resented by GOP(N,M), where N is the distance between
successive I frames and M denotes the distance between suc-
cessive (P or I) and (P or I) frames. For example, GOP(15,3)
denotes the frame sequence “IBBPBBPBBPBBPBB.” It is
worth noting that the MPEG coding standard does not re-
quire regularity of the GOP structure, or even a repetitive
one. However, it is common practice in industry to use the
regular GOP pattern for source coding! [18, 35]. A fixed
GOP pattern is used primarily to meet the random access
granularity requirement (e.g., less than 0.5s in the ATSC
standard, www.atsc.org) with minimum decoder complex-
ity and maximum compression ratio. The MPEG-2 coding
scheme with GOP structure, GOP(15,3), is chosen as the
source coding standard for digital broadcasting services. The
MPEG-2 transport stream, which is an interleaved collec-
tion of MPEG-2 elementary streams, can be envisioned as
one of the dominant forms of multimedia traffic in broad-
band networks. Several important characteristics have been
commonly observed in most empirical VBR processes. The
first characteristic is the slowly decaying sample autocorre-
lations. The second characteristic is the periodicity in frame
size sequence. The cause of this phenomenon is clear: a reg-
ular GOP structure, e.g., GOP(15,3).

Our work is motivated by the need for a good stochas-
tic model for MPEG VBR traffic with a regular GOP
structure. We develop a stochastic model, GOP ARIMA
(autoregressive integrated moving average for a group of
pictures), for VBR processes with a regular GOP pattern.
“MPEG-2 video” is a typical example of this type of
traffic. The GOP ARIMA model explicitly incorporates
deterministic time-dependent behavior of regular GOP
patterns and successfully represents the sample correlation
structures of the underlying process. Our model can be used
to generate synthetic MPEG streaming traffic for network
performance studies and for resource allocation or buffer
dimensioning in the server or network router or at the client.
Using a synthetic traffic generator in a performance study
has many advantages. Actual traces are not required for the
study. Collecting a trace requires a significant amount of
time and effort, and it may not even be available. Also, a
synthetic model facilitates the generation of different kinds
of traffic with similar stochastic structures.

The novelty of the proposed GOP ARIMA model lies
in the fact that it elaborately incorporates the inter- and
intra-GOP correlation structures of the empirical VBR pro-
cess and provides a rigorous explanation of the observed
stochastic characteristics of the empirical process: slowly
decaying sample autocorrelations and cyclicity due to frame
type. Since our model explicitly models the correlations at
the seasonal lags, it can be effectively used to predict future
bandwidth usage when combined with an adaptive optimiza-

1 Whitebook VCD specification specifies that NTSC and PAL for-
mat video corresponds to 29.97 frames/s with IBBPBBPBBPBBPBB,
ie., GOP(15,3), and 25frames/s with IBBPBBPBBPBB, i.e.,
GOP(12,3), respectively.

tion algorithm, e.g., Kalman filter, exponential smoothing,
double exponential smoothing, linear prediction method,
etc. This property is particularly valuable for online traffic
smoothing or online resource allocation for live video feed.

1.2 Related work

Stochastic characterization of the workload plays an impor-
tant role in designing the hardware and software compo-
nents of a system [19]. A large number of studies have used
the notion of long-range dependence (LRD) and success-
fully explained the observed characteristics of aggregated
packet traffic [6, 24, 31, 42]. The results of source-level anal-
ysis [43] are also well aligned with the observed character-
istics. However, when the time scale of interest is relatively
small, it has been reported that the existence of the LRD
property may be insignificant [12, 34]. Feldmann et al. [9]
provide a more sophisticated model for network traffic that
incorporates the multifractal behavior of the network traffic
on a different time scale.

A fair number of studies have been devoted to develop-
ing a good model for compressed video traffic, and several
stationary time series models, e.g., AR(1) [8], DAR(1)
[15], ARMA [13], Markov renewal process [26], have been
proposed. These models take into account the marginal dis-
tributions and the first few autocorrelations of video frame
size. These models leave much to be desired with respect to
properly representing the slowly decaying ACF (autocorre-
lation function) and cyclicity in the empirical process. The
notion of self-similarity was then introduced to explain the
slowly decaying sample autocorrelations in MPEG video
dynamics [3, 11]. The notion of self-similarity requires that
the underlying process be covariance stationary. Therefore,
it cannot model the regular GOP structure of the MPEG
VBR process. AR(1)-, DAR(10)-, and ARMA-based mod-
eling approaches suffer from the same limitation. These
time series models can only model a stationary process.

Layered modeling approaches were proposed to resolve
the limitation of the above-mentioned time series model.
Doulamis et al. [7] used the AR(1) process to represent
the relationship between each type of frame in consecutive
GOPs and added another layer to represent inter-GOP
behavior. Turaga et al. [37] enhanced this model by in-
corporating doubly a Markov process to model irregular
GOP patterns. The problem with these approaches is
that the AR(1) process still has a geometrically decaying
autocorrelation function and thus cannot properly reflect the
slowly decaying autocorrelation structure. Krunz et al. [20]
examined the size histograms and correlation structures of
each frame type sequence. Rose [33] suggests separating
scene layer, GOP layer, and frame sequence layer. He used a
Markov model in generating scene length sequence and the
GOP size sequence within a scene. Within GOP, constant
scale factors are applied to obtain the size of individual
frames. Lombardo et al. [25] modeled the frame size corre-
lations within GOP and proposed generating MPEG traces
using an algorithm that has long-range dependent properties
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at the GOP level. The drawback of the layering approach
is that a certain amount of correlation information may get
lost due to layering. For example, separating the GOP level
(aggregation at GOP scale) modeling and intra-GOP frame
level modeling may not represent the sample correlations at
lags of 15 (GOP size). Improper characterization of the cor-
relation structure can result in biased performance estimates.

Most of the above-mentioned modeling studies assume
that the bandwidth process of VBR compressed video is co-
variance stationary, i.e., for time series X = (X; : t =
0,1,2,...) with u = E[X,], the autocorrelation function

Ok = W depends only on k. However, this
assumption does not hold in the frame level process with
regular GOP patterns. Recent efforts on VBR traffic model-
ing have adopted the regularity in the GOP structure. Frey
and Nguyen-Quang [10] proposed a nonstationary process
called the GOP GEAR model. It is based on Heyman’s
gamma-beta autoregression (GBAR) model [16]. The GOP
GEAR model formulates the VBR traffic as the sum of a
varying number of stationary GEAR models with respect to
I, P, and B frame types. This model captures well the cyclic-
ity of the VBR sequence. However, sample autocorrelations
decay very fast in this model because the GEAR model has
a geometrically decaying autocorrelation function. In addi-
tion, the GOP GEAR model requires that the variance of B
frame sizes be less than the variance of P frame sizes and that
the variance of P frame sizes is less than the size of I frame
sizes. We find that this assumption does not hold in our
sports video clip (Fig. 1). Including our earlier work, a num-
ber of studies have proposed to apply nonstationary models
to represent or to predict the deterministic time-dependent
behavior of underlying processes: VBR process [44], user
behavior [14], and I/O workload [36].

An important application of traffic modeling is to predict
the bandwidth behavior of the process and to use this knowl-
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Fig. 1 Mean and standard deviation of each frame type, B, P, and I, for
sample MPEG video traces

edge in resource allocation [2], traffic smoothing, etc. Man-
zoni et al. [27] proposed to allocate the resources based upon
the workload characteristics of I frame sequences. They
used the aggregate characteristics, e.g., first- and second-
order statistics of I frame size sequence. However, they did
not consider the autocorrelation structure of the underlying
sequence. A number of studies have proposed to smooth
the bandwidth process by adjusting the source coding and
channel coding scheme [22, 38] or by adjusting the packet
transmission schedule [5, 23, 32]. Traffic smoothing has
been shown to significantly enhance the quality of service
(QoS) of a stream via empirical study [45]. In determining
the source/channel coding scheme and packet transmission
schedule, knowledge of future bandwidth requirements can
greatly enhance the QoS of the resulting VBR process.

By explicitly incorporating the deterministic time-
dependent behavior, we are able to successfully provide a
robust and consistent explanation of the observed stochastic
characteristics: slow decay and cyclicity in sample autocor-
relations. The GOP ARIMA model can be used to generate
various kinds of traffic with different bandwidth characteris-
tics, i.e., different playback bandwidth and different degrees
of interframe dependency, but with structural similarities.

This paper is organized as follows. In Sect. 2, we present
a primitive statistical analysis of sample MPEG video traffic
data and provide estimated Hurst parameters for later numer-
ical comparisons. In Sect. 3, we present the GOP ARIMA
model. In Sect. 4, we fit the GOP ARIMA model against
three frame size sequences. In Sect. 5, we present the re-
sults of performance analysis. We compare the performance
behavior of three different process models: empirical VBR
process, synthetic process with GOP ARIMA model, and
self-similar process generated by the fractional Gaussian
model (FGN). Under a given single server queuing model
with FIFO discipline, we examine the queuing behavior of
each sequence using various performance measures: packet
loss, frame corruption, and queue length. Section 6 con-
cludes the paper.

2 Statistical analysis
2.1 Empirical MPEG traffic

The MPEG coding scheme exploits the temporal and spatial
differences between successive frames. Initially, we exam-
ined a total of 11 video traces from 2 different encoders:
3 traces from encoder A and 8 traces from encoder B.
The original video clips were carefully chosen to repre-
sent different degrees of interframe dependency. We pri-
marily deal with the traces from encoder A and selectively
introduce the analysis results of traces from encoder B.
Table 1 summarizes the parameters for VBR video traces
from encoder A. These video traces are publicly available at
http://www.dmclab.hanyang.ac.kr/data/data.htm. The mean
and variance of each empirical VBR process are summarized
in Table 2.
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Table 1 Parameters for generating VBR video traces: encoder A

MPEG?2 elementary
Stream type Drama Sports VBR.mpg
file name VBR.mpg VBR.mpg VBR.mpg
No. of frames 8869 8863 8872
Frame rate (length) 30 frames/s

(295 s)

File size 332 MB 333 MB 332 MB
Avg/min/max bandwidth 9/4/20 Mbits/s
GOP pattern IBBPBBPBBPBBPBB

frame resolution Cropped full D1, 704 x 480

Table 2 Mean and variance of frame-level empirical VBR processes

Video Mean (byte)  Variance (byteZ)
Drama VBR  37537.35 182026701.19
News VBR 37603.86 212952461.24
Sports VBR  37508.96 146507073.78

Table 2 shows the basic statistics of the frame size se-
quences. We plot complete traces of three VBR compressed
video streams in Fig. 3 for illustrative purposes. The aver-
age frame size is approximately the same for all three video
clips, which corresponds to a 9-Mbits/s encoding rate. The
news video clip has the largest sample variance and the
sports video clip the smallest one. We suspect that this is
because the news video clip has a higher degree of inter-
frame dependency and thus the encoder can achieve a higher
compression ratio for interframe coded frames (P or B).
The nature of our football video clip lies at the other end
of the spectrum. It has the smallest frame size variance.
We cautiously conjecture that this is because football con-
tent is dynamic in nature, and therefore the temporal and
spatial redundancy between consecutive frames is relatively
low. In eight traces from encoder B (two news clips, one
sports game clip, one infomercial clip, two drama clips, one
lecture, and one comedy clip), we observed the same phe-
nomenon: a sports (basketball) clip again yields the smallest
variance in frame size sequence. Detailed statistics on these
eight traces can be found in Appendix 2.

2.2 Nonstationarity of empirical VBR process

Figure 4a—c illustrates the frame size sequence on a sub-
second time scale. Given that the video is encoded at

Fig. 2 Sample scenes from encoder A. a Drama. b News. ¢ Sports

30 frames/s, the frames in these figures correspond to 3.5-s
playback. A simple visual inspection shows that the frame
sequence yields a strictly regular pattern: a big spike every
15 frames (I frame) and a medium-size spike every 3 frames
(P frame). Individual spike sizes vary slightly. Nonetheless,
this cyclicity of the spikes persists through the entire se-
quence across the three video clips. The notion of station-
arity is pretty well defined in the context of a stochastic pro-
cess. However, whether the given empirical process is sta-
tionary or not is a subject of debate. A certain empirical
process can be stated as nonstationary only when it exhibits
strict time-dependent behavior and only when there is a clear
cause for it. In our test sequences, we observed deterministic
and strict time-dependent behavior as in Fig. 4. Further, we
can easily conjecture that the cause of this time-dependent
behavior is a fixed GOP pattern.

Figure 5 illustrates a sample autocorrelation of the
test sequences. The sample correlation structures in Fig. 5
exhibit multiplicative periodic characteristics. Our video se-
quences are compressed using the GOP(15,3) pattern. From
the interframe distance between different types of frames
we can find an explanation for the multiplicative periodic
autocorrelations in Fig. 5. Similar characteristics were
observed in [21]. There are large positive correlations in the
lags of multiples of 15. This is due to the correlations be-
tween I frames. The medium-scale correlations that occur at
the lags of multiples of 3 are due to the correlations between
P frames or between P and I frames. As shown in Fig. 5, the
sample autocorrelations decrease slowly with the lag. Many
previous studies attempted to explain this phenomenon
in the context of long-range dependence. A process X; is
called a long-range dependent (or long-memory) process if
a constant C, > 0 and 0.5 < H < 1 exist such that o =
E[Xi =) Kk =]

CEICG—p?] , L
H is called the Hurst parameter and is used to indicate the

degree of long-range dependency. Informally, a given time
series is said to be long-range dependent if the autocor-
relations decay hyperbolically rather than exponentially
fast and are therefore nonsummable, ie., > jo ok = 0.
The notion of long-range dependence requires that the
underlying process be covariance stationary. However, as
we observed, the VBR process with a regular GOP pattern is
not stationary. It exhibits strict deterministic time-dependent
behavior that stems from interframe dependency coding.
In fact, slowly decaying sample autocorrelations can easily

C,k* =2, as k — oo. The parameter
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be found in some nonstationary processes. Random walk
W,, Wy — W,_1 = &, where & is an i.i.d. random variable
with mean 0 and variance o2, is a typical example [4]. A
periodic structure in the sample autocorrelations is widely
observed in seasonal data, e.g., the sequence of monthly
average temperatures.” We cautiously believe that the
nonstationarity (or, more precisely, cyclicity) of the under-
lying VBR process carries significant implications for its
observed stochastic behavior, e.g., slowly decaying sample
autocorrelations.

2.3 LRD property of empirical VBR process

A number of methods exist for estimating the Hurst parame-
ter of a traffic sequence, e.g., R/S plot (rescaled adjusted

2 Seasonal processes are a special part of nonstationary processes.

range plot), variance time plot, periodogram-based MLE
estimate. These are well summarized in [24]. Recently, a
wavelet-transform-based method was proposed for estimat-
ing the Hurst parameter [1]. Hurst [17] showed that T-H 1§—TT
converges to C in probability as T — oo for some constant
C, where R, = maxlfkfn[Zle X — kX,] — minj<x<p
(Y5 X —kX,land s, = [L30 ) (X — X022 We
estimate the H parameter using the pox diagram of an R/S
plot and a simple least-squares fit [43]. That is, for n =
10, 11, , T, where T is the sample size, we subdivide all
samples into nonoverlapping blocks with a sample size n and
compute R, and S, for each block. The pox diagram of R/S
is the plot of log; 1;—”: versus logion.

Figure 6 shows the pox diagrams of the R/S plot of our
VBR processes. The estimate H of the Hurst parameter H
is obtained by street’s asymptotic slope, which is typically
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Fig. 6 R/S plot: estimating the Hurst parameter of the empirical VBR process

obtained by a simple least-squares fit to (log;(n), log 1;—:)5.
In Fig. 6, H-parameter estimates of the three test se-
quences are all greater than 0.5. Judging solely from these
H -parameter estimates, one may conclude that the empirical
VBR traffic is self-similar. However, we observed that the
underlying sample process exhibits strong cyclic behavior
and therefore does not satisfy the condition of covariance
stationarity. For this reason, an LRD-based modeling
approach may not be feasible for providing a satisfiable
explanation on the observed stochastic characteristics of
the underlying VBR process. A good VBR traffic model
mandates proper incorporation of inter- and intra-GOP
frame correlations.

When we aggregate a sample sequence at the GOP level,
the resulting sequence will most likely yield a stationary pro-
cess. Short-term correlations in the frame sequence will be
lost. We find that after being aggregated at the GOP level,
the sample sequence still exhibits an H-parameter greater
than 0.5. This is convincing evidence that the underlying
sequence has an LRD property. Figure 7 illustrates the re-
sult of GOP-level aggregation. As has been shown, our VBR
process has a very interesting nature. It exhibits both long-
range dependency and nonstationarity. Each of these mani-
fests itself on different time scales. Both the stationary and
the nonstationary aspect of the underlying process should
contribute to the observed slowly decaying sample autocor-
relations. The question of which aspect of the two is more
important is quite a subjective one and should be dealt with
in a separate study. However, it is clear that the model that
more closely simulates the behavior of the original process
should be the model of choice.

3 GOP ARIMA: ARIMA model for groups of pictures
3.1 Nonstationarity and the ARIMA model

A number of time series models have been used to represent
the marginal distribution of the VBR frame size sequence:
AR(1) [8], DAR(1) [15], and even ARMA [13]. The autore-
gressive moving average (ARMA) model is a generalization
of the autoregressive (AR) and moving average (MA) mod-
els. While the ARMA model is a more powerful one than
the MA or AR models, it still leaves much to be desired as a
model for effectively modeling MPEG VBR traffic. Repre-
senting VBR traffic data using the ARMA process is suitable
if data (i) exhibit no apparent deviations from stationarity
and (ii) have a rapidly decreasing autocorrelation function.
Unfortunately, there is strong evidence that our VBR process
is not stationary. Also, many recent studies have shown that
(i) does not hold, i.e., VBR traffic data have slowly decay-
ing sample autocorrelations. Sample autocorrelations of our
VBR sequences not only decay very slowly but also exhibit
cyclicity with period I-to-I frame distance and P-to-P frame
distance. These characteristics cannot be modeled properly
with the ARMA model since it has a geometrically decaying
autocorrelation structure and is stationary.

The autoregressive integrated moving average (ARIMA)
is a generalization of the ARMA class and incorporates
a wide range of nonstationary series. The ARIMA model
is widely used to represent empirical data with slowly
decaying sample autocorrelations [40] or data with season-
ality, e.g., time series data of monthly fuel consumption. A
process is an AREVIA process when it leads to an ARMA
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Fig. 7 GOP level aggregation: R/S plot for estimating the Hurst parameter of the empirical VBR process

process by differencing transformation. For example,
random walk, W,, W, — W,_| = &;, where &, is a sequence
of i.i.d. random variables with a mean of zero and a variance
of 02, is an AREVIA(0,1,0) process. This process is not
covariance stationary and has slowly decaying sample
autocorrelations [4]. Appendix 1 presents the basics of time
series models: AR, MA, ARMA, and AREVIA models.
Interested readers are referred to [4].

3.2 Decomposition and removal of cyclicity

In classical decomposition of the time series, sample X; con-
sists of a seasonal component s;, a trend component 7, and
a random noise component &;, i.e., X; = s; +m; + &. In our
model, we exclude the trend component »1,. In VBR traces
with a regular GOP structure, the seasonal component s; ac-
tually consists of two components: (i) a cyclic component
related to P frame size and (ii) a cyclic component related to
I frame size. In our empirical data, we subpartition the sea-
sonal component s; into 53, and 515 ,. We can decompose
the sample process as in Eq. 1:

X =583 +515:+ &, (1)

where 53 ; and 515 ; have nonzero values when ¢ is a multiple
of 3 and 15, respectively.

In the first step, we need to remove the cyclic component
in X; to transform the original process into a more analyz-
able one. In the ARIMA(p, d, g) model, we take the differ-
ence of consecutive samples repeatedly until the differenced
process looks stationary and until it can be formulated with

the ARMA(p, q) process. d here corresponds to the differ-
ence order. Nonstationary components s3 ; and s15 ; appear
in every 3 samples and in every 15 samples, respectively.
To remove the cyclic components from the samples, we take
the difference at a lag of 3 and 15. We introduce backward
operator B, which is widely used to make the time series ex-
pression more concise. BkX, denotes X, . (1 — B)X, thus
denotes the differenced time series ¥; = X; — X;_;. The
differenced process at lags of 3 and 15 can be obtained by
applying the (1—B3)¢(1 — B'3)P operator, and d and D cor-
respond to the difference order for their respective lags. The
backward shift operator B satisfies the distributive law. For
example, differencing the original process twice is equiva-
lent to applying the (1 — B)? operator to the original process.
The important issue here is to find the appropriate values for
d and D. In applications, d and D are rarely greater than 1.
A number of methods exist for finding the difference orders,
d and D, and this will be discussed in depth in Sect. 4.1. We
can formulate the differenced process Y; as in Eq. 2:

Y, =1 -B>»1-BYPx,. )

Figure 8 illustrates how we remove the cyclicity from
the original process and transform the original process into
a more analyzable one. In Fig. 8, we take the difference at a
lag of 15 and then take the difference at a lag of 3. We can
take the difference multiple times for each lag. In practice,
however, the difference order rarely goes beyond 1. These
values are called the difference order and are denoted as D
and d for a lag of 15 and a lag of 3, respectively.
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Fig. 8 Removing the seasonality from the original process

3.3 Modeling inter-GOP correlations

To effectively model the apparent remaining correlations at
the seasonal lags, i.e., multiples of 3 and 15, we analyze Y,
from the point of view of inter- and intra-GOP correlations.
We can organize Y; using the two-dimensional matrix in
Table 3. Each column of Table 3 may itself be viewed as a re-
alization of a time series. Our objective is to find a model that
effectively represents the correlation structure of the samples
within S; as well as between S;s. The correlation structures
of the samples within S; as well as between S;s correspond
to the inter-GOP and intra-GOP correlation structures,
respectively. Since the samples in each S; are frames of the
same type, we can safely assume that each S; is a stationary
process. Samples in S; correspond to Y415, =0, ..., 14,
j =0,=£1, £2,.... We can model ;s as in Eq. 3, which is
based on the definition of the ARMA process of Eq. 16:

Yivise — ®1Yigi50-1) — - — PpYig15¢—pP) =Uit150-1)
+O1lir15¢—1) + -+ OolUit15¢-0) » 3

Table 3 GOP-based organization of empirical VBR processes

Frame type
1 B B P B B
GOP S $2 S12 S13 S14
GOPy Yy Y Ys Yo Yi3 Y4
GOP; Yi5 Y Y7 Y27 Yo Y29
GOP;  Yis5i Yisiv1 Yisivo Yisiv12 Yisi+13 Yisitua

13 15 17

19 21 23 25 27 29 31

wherei = 0,1,...,14, ¢t =0, £1, £2,... and {Uf; 415/} is
a white noise process with mean 0 and variance o*zi. Note
that Eq. 3 is used to capture the correlation structure within
S;s, and U;s are uncorrelated to each other. Since the same
ARMA(P,Q) model is assumed to apply to each series, Eq. 3
can be rewritten for all ¢ as

Y, —®1Y, 15— —DpY;_15p
=U+OU-_15+ -+ Opl_150 - 4)

Equation 4 can be written in compact form as
®(BD)YY, = OB, where &(z) =1 — Pzl — .- —
PpZl and O() =1+ O1z+ -+ ©pZ2.

3.4 Modeling intra-GOP correlations

It is unlikely that the consecutive U;s, i.e., U; and U}y;,
would also be uncorrelated to each other. Possible nonzero
correlations between consecutive U/;s imply nonzero corre-
lations between the size of consecutive frames within GOP.
In practice, samples in each row of Table 3 exhibit strong
correlations at a lag of 3. This is caused by P-to-P or P-to-I
frame distances. As a final step in the effort to model the
nonstationarity of the VBR process, we need to establish
the appropriate relationship between the consecutive ;s in
Eq. 4. This is equivalent to modeling the correlation struc-
ture within GOP where strong correlations exist at a lag of 3.
We use the ARMA process with a lag of 3 to model ;s.
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Equation 5 illustrates the ARMA process at a lag of 3:

Ui —pilhi—3 — - — ¢plhi—3p = g0 + 0183
o Ogeioz o+ Og8io3g. le) ~ WN(0,07).
%)

Equation 5 can be written in a more compact form as
¢(BIU = 0(B ), where p(2) =1 —¢yz' — - — ¢pz”
and0(z) = 1+ 61z + - +0pz°.

3.5 GOP ARIMA model

Equations 4 and 5 represent an inter-GOP correlation struc-
ture and an intra-GOP correlation structure, respectively.
Combining Egs. 4 and 5, we can finally obtain the follow-
ing equation for an empirical VBR process X; with a regular
GOP pattern:

¢ (B )D(B)X, = 0(B*)O(B)Z,,{Z;} ~ WN(0?).
(6)

We call the model in Eq. 6 the GOP ARIMA (ARIMA
for a group of pictures) model. The GOP ARIMA model
effectively incorporates the slowly decaying autocorrelation
structure as well as the inter- and intra-GOP correlation
structure of the empirical VBR process. We now introduce
the general definition of GOP ARIMA.

Definition 1 GOP ARIMA(p, d, q)s x (P, D, Q)s Process.
Let s and S be P-to-P and I-to-I frame distances, respec-
tively. If d and D are nonnegative integers, then X, is said to
be a GOP-ARIMA(p, d, q)s x (P, D, Q)s process with period
s and S if the differenced process Y;(1 — BH4(1 — BS)Px,
is a causal ARMA process,

¢ (B*)D(BS)Y, = 6(B*)O(BS)e; , 7

where ¢(z) = 1 — ¢z — -+ —PpzP, ®(z) =1 — Pz —
o= ®pzf 0() = 140124+ 46,29, 0(2) = 1+ Oz +
x ~+®QZQ, and &; is an independent and identically normal

distributed random sequence with mean 0 and variance o'*.

4 Modeling the empirical process
4.1 Determining orders and parameters

The accuracy of the GOP ARIMA model depends on find-
ing the right values for (i) difference orders (D and d),
(ii) autoregressive orders (P and p), and (iii) moving av-
erage orders (Q and g). We now introduce general guide-
lines for determining the orders and model parameters from
the sample correlation function of the data. First, we find
d and D so as to make the differenced observations Y, =
(1-B%91 - BY)Px, stationary in appearance. Next, we
examine the sample autocorrelation function at the lags of
multiples of 15 in order to identify the orders P and Q in

Eq. 4. If p(k), k = 0, 1, 2, ... is the sample autocorrelation
function of Y;, then the P and Q should be chosen such that
o(15i),i = 1,2, ... is compatible with the autocorrelation
function of an ARMA(P, Q) process. The orders p and ¢g are
then selected by attempting to match p(3i),i = 1,2,...,
with the autocorrelation function of an ARMA(p, q) process.
Then, we can estimate model parameters ®, ®, ¢, and 6
using the least-squares or maximum-likelihood method. Ul-
timately, the best model is identified by statistical goodness-
of-fit tests. For details, refer to [4].

Although it is easy to understand conceptually, this
method requires that a data analyst visually inspect the time
series to determine the orders and parameters. In practice,
the Schwartz Bayesian Criterion (SBC) is widely used to
quantify the accuracy of the stochastic model. The model is
said to be more accurate the smaller its SBC value. SBC is
defined as in Eq. 8. Using SBC, the procedure for determin-
ing the orders and the parameters can be performed without
human interaction:

SBC = log (6%) + (y + 1) log (n)/n. )

In Eq. 8, y is the number of autoregressive and moving
average parameters used in a fitted model and thus corre-
sponds to P + Q + p + ¢ in the GOP ARIMA model, 7 is
the number of samples, and 62 is the maximum-likelihood
estimator of 62 (variance of ¢, in Eq. 6. 62 in Eq. 8 is the
amount of error in a fitted model. The second term on the
right-hand side of Eq. 8 is the penalty for using more pa-
rameters in the fitted model. With more parameters, we can
obtain a more accurate model. However, using more param-
eters increases the computational complexity of the model
and negatively affects the model efficiency. Thus, the num-
ber of parameters is included in the SBC as a penalty term.

In applying the SBC method, we first establish a set of
GOP ARIMA models, £, as possible choices for the given
empirical VBR process. £ is usually obtained by limiting
the possible values of orders for d, D, p, q, P, and Q. Actual
values for ¢, 0, &, ©, and o are estimated for each combi-
nation of the orders using a maximum-likelihood estimator
(MLE). Once we obtain the values for ¢, 6, ®, ©, and o, we
can compute the SBC value for the respective model. From
L the combination of orders that yields the minimum SBC
value is selected for the given empirical process. We estab-
lish £ as in Eq. 9:

L ={GOPARMA (p,d,q)3 x (P, 1,0Q)15: p.q, P, Q
=0,1,2,3,d=0,1}, )

where 15 and 3 denote the I-to-I frame distance and I-to-P
(or P-to-P) frame distance, respectively.

4.2 GOP ARIMA model fitting
We obtain a GOP ARIMA model for three frame size

sequences: news, drama, and football game, which are from
encoder A. Each video sequence contains 8000 samples,
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Fig. 9 Samples in the empirical VBR process and the GOP ARMA process. a Drama VBR. b News VBR. ¢ Sports VBR

which reflects 5 min playback. We use the SBC method in-
troduced in Sect. 4.1 to determine the orders and parameters
of the GOP ARIMA model. The fitted GOP ARIMA models
for drama, news, and sports VBR processes are obtained as
in Egs. 10, 11, and 12, respectively:

[Drama VBR] (1 — BP)(X, — 10.511)

= (1 —0.644BY)¢,, 6> = (5835.5)%,  (10)
[News VBR] (1 — BP)(X, —2.757)

= (1-0.730BD)e,, 6% = (6680.3)%,  (11)

[Sports VBR] (1 + 0.036B" — 0.033B%%)(1 — B?)
x (1 — BP)(X, —2.187) = (1 — 0.863BV)g,

6% = (4853.0)%. (12)

Figure 9a—c illustrates empirical VBR processes and the
synthetic sequences generated by fitted GOP ARIMA mod-
els. Synthetic sequences are generated using Eqgs. 10-12. Vi-
sually inspecting the graphs in Fig. 9, we find that a syn-
thetic process generated by the GOP ARIMA model well
captures the deterministic time-dependent behavior of the
empirical VBR process. Slowly decaying sample autocor-
relations and strong sample correlations at the seasonal lags
are all well reflected in our model via Eq. 6. Figure 10 illus-
trates the R/S plot of the GOP ARIMA generated samples. In
theory, the Hurst parameter cannot be defined for the GOP
ARIMA model since it is not a covariance-stationary pro-
cess. Whether Hurst parameters are meaningless or not, we

can still compute them. With the R/S plot, Hurst parameters
of GOP ARIMA-generated processes are all greater than
0.5. Ignoring the fact that the underlying process is nonsta-
tionary, it may be categorized as an LRD process. The GOP
ARIMA-generated process successfully captures the slowly
decaying sample autocorrelation of the original process.

Figure 11 illustrates the sample autocorrelations of the
original MPEG trace, the fitted GOP GEAR data [10], and
the fitted GOP ARIMA data. The figures in the second row
illustrate the sample ACF when the samples are aggregated
at the GOP scale. In Sect. 2, we observe that when the orig-
inal process is aggregated at the GOP level, the resulting
process has an H-parameter value greater than 0.5. With-
out aggregation, all three sequences exhibit a similar corre-
lation structure. However, when the samples are aggregated
in GOP scale, autocorrelations of a GOP GBAR fitted pro-
cess decay very fast as we pointed out in Sect. 1.2. Mean-
while, an ACF of GOP ARIMA fitted processes (aggregated
at GOP level) decay as slowly as the ACF of the original
samples.

4.3 The invariants

Traces from encoders A and B have identical GOP struc-
tures. From eight traces from encoder B we select five traces
whose scene nature is similar to the traces from encoder A
and compare the various characteristics. Even though the
same compression standard is used, the stochastic charac-
teristics of frame size sequence is highly subject to the given
encoder and the nature of the scene. Thus, a GOP ARIMA



Y. Won, S. Ahn

a Drama VBR News VBR
3 . . . bas : .
H=0.8949 H=0.7650
2 3
= 1.5
£ q
8 g
05"
0. : , - : .
1 15 2 25 3 35 4
log(T)
c Sports VBR :
35
H=0.9712
0 M " L " L
1 1.5 2 25 3 3.5 4
log(T)
Fig. 10 Hurst parameter of GOP ARIMA fitted processes. a Drama. b News. ¢ Sports
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Fig. 11 Left to right: News MPEG video sample data, fitted GOP GEAR data, fitted GOP ARIMA data. a Autocorrelation of original data. b
Autocorrelation of aggregated data with respect to GOP cycle
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Fig. 12 MSE of a GOP ARIMA model against two frame size se-
quences

model fitted from one VBR trace most likely does not nec-
essarily yield the best performance in other traces. To ver-
ify this property, we examine the mean squared error of
the fitted GOP ARIMA model against two different video
scenes. The GOP ARIMA model for Drama; and Drama
(Fig. 20a,b) are (1 — BP)Y, = (1 — 0.644B)g;, 6%(g;) =
25002 and (1—B1)Y, = (1—0.865B1)¢,, 02(g;) = 25002,
respectively. We compute the MSE of the GOP ARIMA
model for Drama; and and Drama,, respectively, and the
values are illustrated in Figure 12. The sum of MSEs for
Dramai are 60% larger. Appendix 2.2 presents the GOP
ARIMA model for each frame sequence from encoder B.

While the orders and the parameters of individual GOP
ARIMA models are all different, there exists a commonly
observed phenomenon: there exists a strong relationship be-
tween the magnitudes of white noise variance in fitted GOP
ARIMA models and the motion dynamics of the underly-
ing video clip, 52 in the GOP ARIMA model inversely pro-
portional to the motion dynamics, i.e., the interframe de-
pendency of the scene. Unlike drama and news video clips,
sports video requires differencing at a lag of 3, i.e.,d = 1,
to make the sequence stationary. Proper exploitation of these
properties can enable us to generate different VBR traffic
patterns with similar stochastic structures.

4.4 Modeling the different GOP structures

GOP ARIMA aims at modeling the intra- and intercorre-
lation structures, and thus it can model any regular GOP
structure, e.g., GOP(6,3), GOP(9,3). The empirical data with
GOP(6,3) and GOP(9,3) structure can be decomposed as
X; =831+ 56+ & and X; = 53 + 59,1 + &, respectively.
We compress a video scene in Fig. 13 using two different
GOP structures, GOP(6,3) and GOP(9,3) (Fig. 14a,b). GOP
ARIMA models for these frame sequences are (1 — B3)(1 —
BO%Y, = (1-0.773B3)(1—0.227B%s¢,, 6% = (828.7)% and
(1-B3(1—-B%Y, = (1—0.445B3)(1 —0.604B%)¢,, 0% =
(978.7)%.

Fig. 13 Original scene

5 Performance analysis

A good VBR source model should closely capture the net-
work behavior of the empirical process. This is particularly
important in predicting network performance, e.g., packet
loss, delay, etc. We perform queuing simulation to examine
how well the GOP ARIMA process closely models the origi-
nal VBR process. We perform comprehensive queuing anal-
ysis with three input processes: (i) empirical VBR process,
(ii)) GOP ARIMA fitted process, and (iii) self-similar process
that has the same H value, sample mean, and sample vari-
ance as the empirical VBR process from encoder A. A sim-
ple queuing system with a single server and finite queue is
used in this experiment. This experiment enables us to eval-
uate the accuracy of the proposed model more quantitatively.
Synthetic processes are generated using a GOP ARIMA
model based upon Egs. 10-12. We use fractional Gaussian
noise (FGN) [30] in generating the self-similar process. The
H -values of VBR processes for the drama, news, and sports
video clips are 0.86, 0.74, and 0.97, respectively (Fig. 6).
The unit of simulation time is frame time. The frame rate of
our VBR process is 30 frames/s, and thus in our experiment,
one simulation time unit corresponds to 30s.

5.1 Packet loss

We first examine the packet loss behavior under different
service times. Queue length is 100 (packets). Figure 15 il-
lustrates the packet loss behavior. The X-axis denotes ser-
vice time in the unit of frame time and the Y-axis denotes the
packet loss probability. The GOP ARIMA process exhibits
a very similar packet loss behavior to the empirical VBR
process. Meanwhile, the self-similar process exhibits larger
packet loss over all service time scales. In the drama and
news clips, GOP ARIMA processes generate slightly fewer
packet losses. In the sports clip, the GOP ARIMA process
exhibits the same packet loss behavior as the empirical pro-
cess. We include the log scaled plot for closer examination
in Fig. 15.
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5.2 Frame corruption behavior

A frame is said to be corrupt if one or more packets of the
frame are missing. The VBR trace used in this work was
obtained from DVD quality MPEG-2 video clips with a
9-Mbits/s playback rate. In the original trace, a single frame
can be as large as 120KB (I frame in most cases). This
means that a single frame consists of more than 100 packets.

In the course of transporting the entire frame from source to
destination, it is inevitable that packets are exposed to delay,
and loss and thus some of the packets may get lost. Advances
in modern error concealment techniques and error-resilient
coding algorithms [39] enable the streaming client to
reconstruct the entire frame, even with an absence of some
packets. However, it is not possible to avoid a certain degra-
dation in the visual quality of the frame in the reconstruction
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Fig. 16 Frame corruption behavior, queue capacity =
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Fig. 19 Synthetic traces. a Drama. b News. ¢ Sports

process. In this regard, we examine the frame corruption
probability. Figure 16 illustrates the frame corruption
behavior of drama, news, and sports clips. The X-axis
denotes the service time in the unit of frame time and the
Y -axis denotes the P(corrupt frame). We observe in frame
level analysis that the GOP ARIMA model closely captures
the frame corruption behavior of the original empirical
process. On the other hand, a larger number of frames get
corrupt under a self-similar-process-driven queuing system.

The level of quality degradation depends largely on the
amount of lost packets in a frame. Even though the aggre-
gate packet losses in two different streams are similar, it is
possible that the burstiness of packet loss may exhibit quite
different characteristics and eventually affect the perceivable
quality of the stream in a different way. A uniform distribu-
tion of packet loss implies that a relatively larger number of
frames are corrupt. On the other hand, if packet loss occurs
in a burstier fashion with aggregate packet loss being the
same, then the number of corrupt frames will be relatively
smaller. We believe that there is a perceivable difference
in the QoS depending on the burstiness of packet loss.
Figure 17 reveals another level of detail of packet loss
behavior. We introduce a new metric, NCF, normalized

. . . . P(corrupt frame)
corruption factor, which is defined as ~P(packetloss) We

normalize the P(corrupt frame) by packet loss probability.
NCF can be thought of as the second-order information
of intervals between consecutive packet losses. P(corrupt
frame) being the same, the process with larger packet loss
will have a smaller NCR NCF and thus is inversely propor-
tional to burstiness of packet loss. Figure 17 illustrates the
NCF for three different types of video clips. Each figure

plots the NCF of the empirical process, the GOP ARIMA
process, and the self-similar process. Note that NCF values
for the self-similar process is always smaller than NCF
values for the GOP ARIMA and original processes. The
GOP ARIMA process exhibits a burstiness of packet loss
that is very similar to the empirical VBR process in all three
of the test clips. This means that packet loss occurs in a
burstier fashion in the self-similar-process-driven queuing
system. Examining the FGN-based synthetic process, we
found that it occasionally generates very bursty packet
traffic and consequently is exposed to burstier packet losses.
This phenomenon (occasional big frames) stems from the
fundamental nature of the self-similar process, which is a
stationary process with slowly decaying autocorrelations.

5.3 Queue length distribution

Loss and delay are two widely used metrics for multimedia
QoS. To examine how the proposed model closely captures
the delay characteristics of the empirical process, we
examine the queue length distribution of the system. The
queue length distribution is the probability that queue length
is less than x, i.e., P(Q < x), where Q is the number of
packets in the queue. P (Q < x) denotes the fraction of sim-
ulation period during which the queue length is less than x.
Figure 18 illustrates the result of our experiments. Service
time and queue length are set to 0.02 and 100, respectively.
We can see that the queue length distribution, when the sys-
tem is fed by the self-similar process, is statistically larger
than the others, i.e., P(Qss > x) > P(QGOPARIMA > X)
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and P(Qss > x) > P(Qvypr > x) forall x =0, ..., 100.
Therefore, an average queue length of the system with a
self-similar input process is longer than the others. This
experimental result confirms our observation in Sect. 5.2
that the self-similar process is actually burstier than the
empirical VBR process.

5.4 Generation of the synthetic VBR process

GOP ARIMA explicitly models correlation structures of the
underlying sequence. This property enables us to generate
various VBR frame size sequences with structural similari-
ties. We modify the parameters of the GOP ARIMA model
in Egs. 10-12 and build new models: Egs. 13—15. Figure 19
illustrates synthetic traces generated by new models.

Synthetic Drama: (1 — BBy,

= (1—0.644BY)e;, 0% = (2500)>;  (13)
Synthetic News: (1 — B9y,
= (1 —0.730BY)g,, 0 = (2500); (14)

Synthetic Sports: (1 + 0.036B8'> — 0.033B%)(1 — B?)
x (1 —BB)Y, = (1 —0.863BY)e,, 02 = (4800)% . (15)

captures the behavior of empirical processes in a number
of respects: packet loss, frame corruption, and queue length
behavior. From the simulation-based experiment, we found
that packet loss occurs in a burstier fashion in the self-similar
process even though it has the same mean and variance of
the original VBR process. This suggests that the traffic gen-
erated by the self-similar process is much burstier than the
empirical VBR processes, even though they have the same
H values.

Stochastic characteristics of the VBR process can be an-
alyzed from several standpoints: frame level autocorrela-
tions, bit rate distribution, frame size distribution for each
frame type, etc. These are different manifestations of the
same property. A good stochastic model should be able not
only to represent the characteristics of the VBR process but
also to provide a rigorous explanation of their mutual rela-
tionships. The novelty of the GOP ARIMA model is that it
can effectively capture the inter- and intraframe correlation
structure and provide a robust explanation for the observed
stochastic characteristics of empirical VBR traffic. Our work
contributes not only to the theoretical explanation of the ob-
served characteristics of the empirical VBR process with a
regular GOP pattern but also to the development of an effi-
cient method for generating a synthetic sequence for various
engineering purposes, e.g., generating the various kinds of
video traffic with structural similarities and predicting the
bandwidth requirements of future VBR traffic.

6 Conclusion

In this work, we focus our efforts on developing a stochas-
tic model for VBR frame size sequence. The commonly ob-
served characteristics of the VBR frame size process are
slowly decaying sample autocorrelations and strong corre-
lations at the seasonal lags. We exploit the fact that slowly
decaying autocorrelations can be found in nonstationary (or,
more precisely, cyclicity) process. We cautiously conjec-
ture that the observed sample autocorrelation property of the
VBR process can be due to the cyclic behavior of the under-
lying process. The cyclicity in the VBR process is due to the
regular GOP pattern of the MPEG coding scheme.

The GOP ARIMA model elaborately harbors the inter-
and intraframe sample correlation structures. The GOP
ARIMA model effectively represents the multiplicative sea-
sonal nature of the VBR process, i.e., cyclicity appears at
a lag of 3 as well as 15. The GOP ARIMA model provides
the physical explanation of the slowly decaying and periodic
sample autocorrelations of the empirical VBR process. The
synthetic sequence generated by the proposed GOP ARIMA
model well captures the deterministic and time-dependent
behavior of the empirical VBR process. It exhibits the same
slowly decaying and multiplicative periodic autocorrelation
structure that is seen in the empirical VBR process. The
GOP ARIMA process closely models the original sample
sequence in GOP scale aggregation. The queuing simula-
tion results show that the GOP ARIMA process accurately

Appendix 1: Synopsis: ARMA and ARIMA models

We revisit the basic materials of the time series that are re-
quired to understand the stochastic model used in this work.
Leteg;, t = £1, £2,... be white noise with mean 0 and vari-
ance o 2. White noise ¢; is a simple stochastic process whose
mean is 0 and whose sample ¢; is independently and identi-
cally distributed. Since the samples in ¢, are independently
and identically distributed, its autocovariance function (/)
is o2 if h is zero and is O otherwise. The autoregressive
process of order p, AR(p), is a stochastic process where each
sample, X;, is a linear aggregation of past p samples plus
white noise. Sample X; in an AR(p) process can formally
be written as X; = & + ¢1 X1 + -+ + ¢pX;—p. In other
words, in an AR(p) process, X; — ¢1 X1 — -+ —ppX;p
is white noise &. Another basic time series is a moving
average process. A moving average process with order
q, MA(Q), is the stochastic process where X, is the linear
combination of ¢ consecutive white noise samples, i.e.,
X; =¢&+018_1+---+04& 4. We can easily see the appli-
cation of moving average processes in our daily lives, e.g.,
stock market trends, temperature trends, etc. The autoregres-
sive moving average (ARMA) model introduced by Box and
Jenkins can be regarded as a generalization of moving av-
erage processes and autoregressive processes and is
represented as a linear aggregation of random shocks [4].
The process X;,t = 0,%1,+£2,... is called an ARMA
process with autoregressive order p and moving average
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order ¢, denoted by ARMA(p, q) if X; is stationary and
satisfies Eq. 16 for every #:

Xi—¢1Xi-1—--—pXi—p
= e O+t Oy (16)
We introduce the backward operator B, which is widely
used to make time series expressions more concise. B¥X, de-
notes X;_x. Using B, ¢(B)X; corresponds to 1 — ¢ BX; —
-+ — ¢pBPX,; and subsequently is equivalent to X, —
01X,y — -+ — ¢pX;_p. Thus, the definition of ARMA
process Eq. 16 can be written in a more compact form as
0(B)X; = 0(B)g, where ¢(z) = 1 — ¢z — -+ — ¢pz?
and 0(z) = 1 + 61z + -+ + 6429, ¢p(z) # O for |z] < L.
When p = 0, the ARMA(p, ¢) process becomes a mov-
ing average process of order ¢g. Similarly, when ¢ = 0 in
the ARMA(p, g) process, it becomes an autoregressive pro-
cess with order p. The ARMA process is often referred to as
a short memory process since its autocorrelation decreases
exponentially with lag. In fact, the autocorrelation function,
p(k), is geometrically bound in the ARMA process, i.e.,

a b

p(k) < Crk, where C > 0and 0 < r < 1. Meanwhile, in
the LRD process, p(k) decreases polynomially, as mentioned
in Sect. 2.2. It is worth noting that the LRD process, which
has very slowly decaying autocorrelations, can always be
approximated by the ARMA process. However, the orders
p and ¢ can be so large that achieving a reasonably good
approximation can be practically infeasible.

The autoregressive integrated moving average (ARIMA)
process is a generalization of the ARMA class that incor-
porates a wide range of nonstationary series. A process is
an ARMA process when it leads to an ARMA process by
differencing transformation. When the series is stationary
only after differencing a number of times, the series is
called an I(d) series and d is called the differencing order
or integration order. The character / in ARIMA denotes the
integration. Backward operator B can be used to rep-
resent the differenced process in concise form. Let
Y, be the second-order differenced process of X;, i.e.,
Yi = (Xt —Xi—1) —(X¢—1—X;-2). Then, ¥; = (1— B)ZXt-
The definition of ARMA processes requires three param-
eters: autoregression order p, differencing order d, and

—r
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moving average order g. X; is said to be an ARIMA(p, d, q)
process if its differenced process Y, with difference
order d is an ARMA(@, q) process. This definition
means that X, satisfies a difference equation of the form
#(B)(1 — B)'X, = 6(B)e;, where ¢(z) and 6(z) are
polynomials of degree p and ¢, respectively. An ARMA
model manifests itself in characterizing samples with a
slowly decaying positive sample autocorrelation function.

Appendix 2: Comprehensive frame sequence statistics
2.1 Basic statistics

In this work, we examine an extensive set of frame se-
quence data: 11 sequences. In the main body of this paper,
we present three representative results. This section presents
the comprehensive results. Table 4 illustrates the basic statis-
tics of the frame size sequences of various video clips, and
a sample scene of each video clip is illustrated in Fig. 20.
Each clip is approximately 6 min long and consists of about
11,000 samples. The home-shopping clip and sports clip
have the largest and the smallest frame size variance, respec-
tively. The infomercial video clip from the Home-Shopping
Channel has a very static scene that consists of an almost
still image on the sales item and commentary from the an-
nouncer. On the other hand, the sports video clip of a bas-
ketball game has very dynamic movement.

2.2 GOP ARIMA fitting

Following are the GOP ARIMA fitted models for each video
clip in Table 4:

News 1: (1 — B®)X, = (1 — 0.70297B )¢, 62

= (4104.3)%, (17)
News2: (1 — B®)X, = (1 — 0.62471%)¢,, 62
= (4193.3)%, (18)
Drama 1: (1 — B®)X, = (1 — 0.889689)¢,, 62
= (3731.8)%, (19)
Table 4 Basic statistics
Length Avg.(frame  Var.(frame # Of
Content (min:sec)  size) (Byte)  size) (Bytez) frames
Infomercial  5:42 38371 328153103 10237
Comedy 6:20 38369 246331390 11393
Newsl 6:00 37542 142725184 10783
News2 6:15 37539 160559667 11255
Dramal 6:07 37538 118154694 10982
Drama2 5:58 37538 172846352 10722
Education 6:00 37538 94574662 10782
Sports 6:17 37538 91084209 11298

Drama?2: (1 — BP)X, = (1 — 0.7656B)¢,, 62

= (3277.8)%, (20)

Sports 1: (1 — 0.242B" — 0.036B8°%)(1 — B¥)(1 — BY)
xX; = (1—0.981BY)¢,, 62 = (3388.3)°. (1)
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