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ABSTRACT

The effective and efficient transfer of real-time variable bit rate (VBR) video traffic in high-speed networks is
currently an area of major research. The capability to predict VBR video traffic can significantly improve the
effectiveness of numerous management tasks, including dynamic bandwidth allocation and congestion control.
Video traffic statistics are measured in the frequency domain in terms of the low-frequency signal captures, the
slow time-variation of consecutive scene changes while the high-frequency signal exhibits the feature of strong
frame autocorrelation. Here we propose the paper to for an adaptive traffic prediction method for MPEG
videos. Our queuing study indicates that the video transmission bandwidth in a high buffer system is essentially
characterized by the low-frequency signal. We further observe in typical MPEG video sequences that the time
scale of video scene changes is in the range of a second or longer, which localizes the low frequency video
signal in a well defined low frequency band. Hence, in a network design it is feasible to implement dynamic
allocation of video transmission bandwidth using on-line observation and prediction of scene changes. The
proposed dynamic bandwidth allocation scheme is shown to be promising and practically feasible in obtaining
efficient transmission of real-time video traffic with guaranteed quality of services.
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I.INTRODUCTION

A computer network, a wireless communication and an ATM are to provide high speed transmissions for a wide
range of Quality of Service (Qo0S). Video has now become one of the major components of broadband
multimedia services, therefore, an efficient video traffic transmission mechanism is important to a network
operation. ATM technology offers a great flexibility of transmission bandwidth allocation to accommodate
diverse demands of individual connections. One major application in ATM networks is to provide real-time loss
free transmission of variable-bit-rate (VBR) video. By stochastic modeling, video traffic is represented by a
stationary random process. The notion of effective bandwidth, measured in cells per unit time, is equivalent to
the minimum transmission bandwidth allocated to the input traffic subject to quality of service requirements.
Conventional traffic management schemes use a model-and parameter approach [2,3,4] to provide QoS
guarantees while maintaining a high utilization of network resources. At the call setup, the call admission
control (CAC) is performed based on the traffic descriptors declared by the user and QoS requests. After

admission, the user is allocated a fixed bandwidth for the duration of the call, meanwhile usage parameter

260 | Page




International Journal of Advance Research in Science and Engineering 9
Volume No.07, Issue No.03, March 2018 IJARSE

www.ijarse.com ISSN: 2319-8354

control (UPC) monitors the user traffic to ensure the agreed traffic parameters are not violated. Accurate real-
time prediction of the future bandwidth process is very important in many aspects: fair bandwidth utilization,
dynamic bandwidth allocation, end-to-end QoS control of real-time multimedia streams, etc. All these issues are
critical in cell/packet-based B-ISDN (e.g., ATM), best effort Internet [5], [6] or in circumstances where per-flow
QoS management is enabled [7]. Furthermore, recent deployment of wireless networks calls for more efficient
use of network bandwidth.

A good bandwidth prediction scheme should address many issues. Firstly, the prediction schemes should exploit
the sample correlation structures in predicting the future frame size. Secondly, it should be robust against noise
and should converge fast. There are three, I, B, and P, frame types in MPEG coding scheme. | frame, which is
also known as intra coded frames, is coded as a single frame, without references to any other frames.

Predictive coded frame or P frame contains the difference of earlier 1 or P frames in the Group of Pictures
(GOP). And B frame or bidirectional coded frame contains the difference from earlier and later | or P frames in
the sequence. The first frame in the new scene is compressed via intra-coding regardless of the frame type.
Among the three frames, intra-coded B type frames are typical noisy input. This may result in an exceptionally
large B-type frame. A good prediction model should be able to properly filter out noisy samples in predicting
the future frame size. Simple linear prediction is vulnerable to noisy input. A neural network-based learner
cannot quickly adapt to short term structure changes in the underlying sequence. Third, the prediction scheme
should be able to detect the structural changes in the underlying sequence, e.g., scene change, and should be able
to update the prediction model accordingly.

We use the GOP ARIMA (ARIMA for Group of Pictures) model as a base stochastic model for the underlying
sequence [8]. Our prediction framework consists of two major components: frame size prediction and model
update. For accurate and robust prediction, we deploy a Kalman filter over the base stochastic model, GOP
ARIMA. An advantage in using GOP ARIMA as the base stochastic model over other models is that GOP

ARIMA is designed to preserve correlations among different types of frames.

I.METHODOLOGY

In this study, we develop an efficient statistical hypothesis test technique to determine the validity of prediction
model. We model the confidence interval of the frame size estimation in terms of the Kalman filter components,
i.e., process matrix, measurement matrix, state and error covariance. Our confidence interval-based analysis not
only effectively detects scene change but also provides rigorous ground on prediction accuracy. The proposed
model-based prediction method significantly improves the prediction accuracy and prediction responsiveness
compared to existing linear prediction-based methods and neural network based methods. The proposed
prediction algorithm predicts the future frame size solely based upon underlying frame size sequence and GOP
structure. It does not require any knowledge on source coding algorithm and/or rate control algorithm at the
source end. We analyze the effectiveness of the proposed prediction algorithm via examining the prediction
accuracy of three different prediction schemes on total of six video traces (three MPEG-2 video traces and three
MPEG-4 video traces). These video traces are chosen to represent different degrees of motion dynamics in

underlying scenes and different source coding standards. Unfortunately, however, only frame size sequences
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were available and details of source coding algorithms were not available to public [9, 11]. In all cases, the
proposed algorithm (GOP ARIMA-based prediction) outperforms the existing prediction algorithms proposed
by Yoo [12], Adas [13].

GOP ARIMA model

The GOP ARIMA model is represented as GOP ARIMA (p,d,q)s x (P,D,Q)s. s and Sand denote the length of
seasonal lags, i.e., P-to-(P or I) frame distance and I-to-1 frame distance. In case of GOP(15,3), and corresponds
to 3 and 15, respectively. p and P denote the autoregressive orders, d and D denote the difference orders, g and
Q denote the moving average orders for modeling the intra- and inter GOP correlations. Let be a frame size
sequence of VBR compressed video with GOP(S,s). Since this time series consists of the sizes of I, P, and B

frames, we decompose the sample process X; as follows:
X =%+ % + € 1)

where x° and x denote the seasonal components which appear in every and samples, respectively, and is

stochastic components of the sample sequence.
Kalman Filter Components

The State Vector F; (M x 1) is the minimal set of data to describe the dynamic behavior of the system. In other
words, the state is the least amount of data about the past behavior of the system that is needed to predict its
future behavior. The measurement vector X; (N x 1) is the measurement of time t. Kalman filter uses two
equations the process Equation and the Measurement Equation. The process Equation is used to predict the state

of the system at t+1 for a given F, and is defined as
Fier = Ap Fet W, (2)

The MxM matrix At in (2) is called the process matrix. The process noise, W, is assumed to be a zero-mean,

additive, white Gaussian process with the process noise covariance matrix Q; defined by

Q forn=t
EW,WI]=) " '
0 forn=t

The Measurement Equation derives the measurement from the state. Equation (3) is the definition of the

measurement equation

3
Xt:HtFt+Vt- ( )
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The NxM matrix H; is called the measurement matrix. The measurement noise V: is assumed to be a zero-

mean, additive, white Gaussian process with measurement noise covariance matrix defined by

R forn=t
E[Vn V] = {

0forn#t

The Process noise W, and the measurement noise V; are uncorrelated with each other. Let the state error vector
E: be the difference between the state F; and the estimated state F,, i.e., Et=F; -F.. We define the error covariance
matrix Py as E[(F:_F:)(F:_Ft)r] , for simplicity we will put it as E[E:Er]. Kalman filtering operates by
predicting and correcting recursively. In the Kalman filtering algorithm we use a pair of time points priori and
posteriori. At time ¢, we already have an estimate of state F, predicted at time t. We call this priori estimate of
the state, F (a < > symbol over F means a priori estimate). We call this process predicting. In a similar manner,

priori error covariance matrix P at time t is defined as P = E[(F— F\)(Fy —F'].

Fig. 1 illustrates the Kalman filter algorithm. First, the Kalman filter derives one-step ahead forecast F++1 from

F¢
Enter prior estimate ,
and its error covariance F,
Compute Kalman gain: X . X .X
| K, =P H'(H P H! +R)" I N l e
ﬂPfoject Ahead Update Estimate with zk:
F:e1 = A, F. ]i.;:l;“ +K,(X,—H,f:r)
Fa=AnRAl +0,
\ “_ Compute error covariance: qJ Fo.Fi.F»
P=(—KH)P
N-step predictor
Fion = AN F,
Fig 1. Kalman Filtering Algorithm
Predictions :

We visually inspect three video clips, Drama, News, and Sports, each of which is approximately 6 min. long.
Table | summarizes the statistics of each clip, and Fig. 2 shows the scene length distribution of each empirical
video trace. News video clips have the most frequent scene changes with an average scene length of 7s. Drama
video clip has the least frequent scene changes with an average scene length of 49s. News usually has frequent
scene changes. In drama sequence, scene changes occurs less frequently. If we properly exploit the categorical

information of video contents, we can make scene change detection much more accurate.
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Table 1

SCENE LENGTH OF EMPIRICAL VIDEO TRACES

IJARSE
ISSN: 2319-8354

| Video | Scene Changes | Average(min : sec) | Variance(sec?) | Max(min : sec) | Min(min : sec) |

Drama 7 0:49 1458 .4 1:50 0:09
News 43 0:07 24.6 0:21 0:01
Sports 32 0:09 71 0:41 0:01

18 - . . 18 T T T 18 . . .
6l Frequency mmmm | 16 Frequency s 16 Frequency mmmm |
14 14 14
St e &1
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> 8t T 8 > 8
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~0:20 ~0:40 ~1:00 ~1:20 ~1:40 ~0:04 ~0:08 ~0:12 ~0:16 ~0:20 ~0:06 ~0:12 ~0:18 ~0:24 ~0:30
Scene Length (min:sec) Scene Length (min:sec) Scene Length (min:sec)
(a) (b) (©)
Fig.2.  Scene length distribution of empirical video traces (5 min each). (a) Drama. (b) News. (c) Sports.

Experiments

We perform comprehensive experiments to examine various aspect of the proposed prediction scheme. In this
experiment, we use total of twelve frame size sequences. We use two different compression methods: MPEG - 2
and MPEG - 4. We use three different GOP structures: GOP(15,3), GOP(12, 3), and GOP(9,3). This
comprehensive test enables us to verify the effectiveness of the proposed prediction scheme under various
settings. There are three MPEG2 - GOP(15,3) sequences, three MPEG4-GOP(15,3), three MPEG2 - GOP(12,3),
and three MPEG2 - GOP(9,3). MPEG-2 traces are in-house generated, with 4 Mbits/s playback rate (DVD
quality). Bandwidths of MPEG-4 traces ranges from 250 to 600 Kbits/s. Under these two compression scheme,
we can evaluate the effectiveness of prediction methods under HD quality video streaming as well as video

streaming in a mobile wireless environment.

Table 2

PARAMETERS FOR MPEG-2 VBR VIDEO TRACES
File name Drama.mpg \ News.mpg \ Sports.mpg
Stream Type MPEG?2 Elementary
Number of Frames 11001 \ 10801 \ 11317
Frame Rate 30 frames/sec
Mean Frame Size (byte) 16684 16679 16686
Min/Max Frame Size (bye) 8294/64048 8421/65760 8367/53445
Number of GOP 733 720 745
Mean GOP Size (byte) 249281 250002 251051
Min/Max GOP Size (byte) | 208367/339944 | 207967/345825 | 180592/320332
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Fig 3. Prediction step versus prediction error for GOP ARIMA, double exponential smoothing and ALP,
GOP(15,3), 30 frames/s, 4 Mbits/s. (a) Drama. (b) News (c) Sports.

We compare the prediction accuracy of the three prediction schemes: GOP ARIMA-based prediction, ALP [14]
and Double Exponential Smoothing-based Prediction (DESP) [68]. In this experiment, we consider prediction
within a scene having 60, 90, and 120 prediction steps. We use MPEG-2 traces with GOP(15,3) in Table 2.
Results of only one GOP structure can obscure view on other perspectives on different GOP structures. In order
to overcome the limitation, GOP(9,3) and GOP(12,3) are also used in our experiment to generalize the
performance of GOP ARIMA. Fig. 3 quantifies the prediction error for the three prediction schemes, and

illustrates NMSE under varying prediction steps.

CDF of Scene Lengths in Video Traces
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Fig. 4 Cumulative distribution of video traces.

In all three prediction schemes, prediction error tends to increase with the prediction step. Recall that we are
using a 30 frames/s frame sequence. 90 step prediction, for example, estimates the frame size in 3 s interval. As
can be seen in Fig.3, GOP ARIMA-based prediction exhibits superior accuracy compared to DESP and ALP.

The relative difference in prediction accuracy becomes larger as the number of prediction steps increases.
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Fig. 5. NMSE of prediction steps of GOP(9,3) and GOP(12,3). (a) GOP(9,3). (b) GOP(12,3).

In addition, prediction error is much larger in the Sports clip than in the other two video clips. We suspect that
this is partly due to the scene length distribution of the Sports clip and the dynamic nature of the video scene.
Table V illustrates the scene length statistics. Drama has the longest scene length with an average of 49s and
median of 34s. For News, the average and median value of scene length are 7 and 5s, respectively. For the
Sports video clip, the average and median scene length are 9 and 7s, respectively. Fig. 4 illustrates the CDF of
scene length distributions of three video clips. We compare the prediction accu-racy of GOP ARIMA, Adas, and
Yoo’s methods for GOP(12,3) and GOP(9,3) video traces. Table VI illustrates GOP ARIMA model of three
video traces for 60 step prediction. Fig. 5 illustrates the results of our experiment. We examine NMSE of 30, 60,
and 90 steps prediction under two different GOP structures. Fig. 5(a) and (b) illustrates the experiment results
for GOP (9,3) and GOP (12,3), respectively. In both of GOP structures, prediction with GOP ARIMA with
Kalman filter and Yoo yields lower NMSE score than the prediction based upon Adas’s scheme. In News and

Sports video clips, GOP ARIMA-based prediction yields similar accuracy to Yoo’s scheme.

Comparison of NMSE Output Result: Jurassic Park Comparison of NMSE Output Result: MR. Bean Comparison of NMSE Output Result: Star Wars
1 — r 2
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Fig. 6. Prediction accuracy in MPEG-4 compressed movie clips: GOP ARIMA, Yoo, Adas, NMSE,
and SNR_1 (a) Jurassic Park:NMSE. (b) Mr.Bean:NMSE. (c) Star Wars:NMSE. (d) Jurassic
Park:SNR. (e) Mr.Bean:SNR. (f) Star Wars:SNR.

We examine the prediction accuracy of the proposed model under publicly available MPEG-4 traces (Jurassic
Park, Mr. Bean, Star Wars [11]) with varying prediction steps. In this prediction, Kalman filter dynamically
updates the model based upon its scene change detection mechanism. We use predictors developed by Adas [14]
and Yoo [13] for comparison. Fig. 6 illustrates the results in normalized mean square error (NMSE) and SNR.

The proposed scheme yields more accurate prediction results to the other two models for both metrics.

IV.CONCLUSION

In this paper, we develop a novel bandwidth prediction scheme for VBR compressed video with regular GOP
pattern. We use GOP ARIMA as the base stochastic model for the underlying time series. We deploy a Kalman
filter in GOP ARIMA and for more accurate prediction we update the prediction model based upon a statistical
hypothesis test. Our prediction scheme successfully addresses a number of challenging issues. The prediction
scheme preserves the correlation structure of the frame size sequence. Our prediction scheme does not require a
separate prediction model for individual type frames and therefore makes more accurate predictions. Since
Kalman filter based recursive error adjustment maintains “state” across the prediction rounds, the proposed
prediction scheme becomes more robust against noisy input than stateless prediction schemes. Our prediction
model effectively copes with structural changes in the underlying sequence. It performs statistical hypothesis
testing and determines the need for model update. Since we represent the confidence interval of a given
prediction with Kalman filter components, the hypothesis test can be seamlessly embedded into the prediction
model. Confidence interval analysis provides rigorous measure on its detection accuracy. The results of the
performance study show that our prediction scheme significantly improves the prediction accuracy and
prediction responsiveness compared to existing linear prediction-based methods and neural net-work-based
methods. We also examined the performance of the prediction algorithm from the bandwidth’s perspective. We
compare the bandwidth prediction accuracy of three prediction schemes: {GOP} {ARIMA} with Kalman filter,
Adas [14], and Yoo [13], using number of publicly available MPEG-2 and MPEG-4-based video traces [9],
[10]. We quantify the prediction accuracy using normalized mean square error (NMSE) and SNR_1. According
to our experiment, GOP ARIMA-based prediction algorithm makes more accurate prediction. This can
significantly improve the QoS to bandwidth ratio. By properly updating the model based upon the confidence
interval analysis, we can significantly improve the accuracy of prediction. The Kalman filter—based prediction
scheme proposed in this work makes significant contributions to various aspects of network traffic engineering

and resource allocation.
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