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Abstract

While most of the existing literature concentrates on wireless traffic characterization and
its effects on network performance, relatively little research work has focused on math-
ematical modeling and queuing analysis of video traffic in wireless multi-hop networks.
The purpose of this paper is to characterize and model wireless multi-hop network video
traffic. We begin with thorough analysis and investigations of characteristics of video traf-
fic in typical wireless network scenarios, building upon which we present a novel Wavelet-
based Gamma Model (WGM) for wireless multi-hop video streaming. Our analytic and
simulation results demonstrate that the WGM provides a flexible and robust means to char-
acterize wireless video traffic, in terms of statistical properties and self-similarity. On this
basis, a WGM queuing system is constructed to deduce the theoretical value of buffer over-
flow probability, delay and delay jitter for wireless media streaming. A series of simulation
experiments are conducted to demonstrate the generality and effectiveness of our modeling
approach. Our experimental results show that the probability of buffer overflow indicates
a hyperbolic decay as the buffer size increases; however, the buffer overflow probabil-
ity decays exponentially fast, as the sending rate increases. The study also finds that, as
the buffer size increases, the delay and delay jitter of video streaming first increase then
become stable, but with an increase in the sending rate, both values decrease sharply. We
believe that this conclusion could contribute to the design of appropriate network architec-
tures and to elaborate efficient wireless multimedia communication protocols.
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1 Introduction

In recent years, the popularity of inexpensive video-enabled smartphones and high-
speed wireless networks has facilitated the introduction of emerging mobile multimedia
applications. An Ericsson Mobility Report [1] released in 2017 indicates that wireless
video traffic is expected to grow by about 50% by 2022, becoming nearly 75% of all
mobile data traffic. However, characteristics such as user mobility, dynamic channel and
topology changes, high error rate, and limited bandwidth of wireless networks, coupled
with diversification, high rate, and high bursty of multimedia communication, can ren-
der network traffic extremely complicated. A method to construct an accurate multime-
dia traffic model, to facilitate effective and efficient network parameters estimation, to
provide adequate Quality-of-Service (QoS) to users is a very challenging problem.

Traffic analysis and modeling are the basis of network performance monitoring and
management, protocol design and QoS provisioning, which is of great significance to
the planning and design of wireless multimedia services. Previous studies have con-
firmed that the traffic in high-speed networks has apparent self-similar nature [2], which
manifests as long-range dependence (LRD) and heavy-tailed distribution with infi-
nite variance. Due to the self-similar property of traffic, there is more occupation of
buffer and larger delay than the results predicted by traditional queuing analysis, which
results in significant performance degradation (such as high packet loss [3], traffic con-
gestion [4], unbounded network latency [5] and degraded network stability [6]). It is
feasible to provide scientific theoretical support for performance evaluation and pro-
tocol design by studying self-similar features and finding models that can characterize
and predict self-similar traffic (including frame size [7, 8], packet loss rate [9], queue
length [10], and so on). However, the dynamic characteristics of wireless networks, cou-
pled with the complexity of mixed network traffic, makes it difficult to model wireless
streaming media accurately. Many of the early proposed traffic models (e.g., AFRP [11,
12], EAFRP [13], FBM [14], FARIMA [15], and wavelet model [16]) cannot accurately
describe the characteristics of wireless traffic. While researchers have proposed many
wireless traffic models [17-19], there are few studies on the self-similarity model and
queuing analysis for video traffic in wireless multi-hop networks.

This work analyzes and models the video traffic in wireless multi-hop networks. To
begin with, building upon the Wavelet Independent Gaussian (WIG) [16, 20] model
and considering the inherent characteristics of a dynamic network environment and
real-time video communication, a novel Wavelet-based Gamma Model (WGM) is pro-
posed to more accurately describe the various characteristics of wireless video traffic.
The WGM uses the Haar wavelet multi-resolution analysis to divide the time series into
scale space and wavelet space, then models it in scale space and wavelet space respec-
tively, and so produces model data of wireless streaming media by wavelet transform.
Because scale coefficients approximately follow Gamma distribution, we use Gamma
first-order autoregression model to produce the scale coefficients in the last scale space.
In the wavelet space, we still use the WIG to provide wavelet coefficients. Through an
in-depth analysis of probability statistics and autocorrelation of simulation data and
model data, we find that the WGM can describe streaming media in two different wire-
less scenarios well. Finally, we build the WGM queuing system to deduce the theoreti-
cal value of buffer overflow probability, delay and delay jitter of wireless media stream-
ing concerning with respect to buffer size and sending rate, and we conduct simulations
to characterize the performance of wireless multi-hop video streaming further.
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The remainder of this paper is organized as follows. We briefly introduce the related
works and our motivation in the next section. In Sect. 3, a Wavelet-based Gamma Model
is proposed from an in-depth analysis of wireless video traffic. The accuracy of our model
is analyzed and evaluated in Sect. 4, followed by a queuing system that quantifies overflow
probability, delay, and delay jitter of wireless video streaming in Sect. 5. Finally, based on
simulation data and model data, the buffer overflow probability, delay and delay jitter of
wireless video streaming are simulated numerically, and the characteristics with the change
of buffer size and sending rate are obtained in Sect. 6 before concluding in Sect. 7.

2 Background and Related Works
2.1 Self-Similarity of Network Traffic

The self-similarity phenomenon of network traffic has been reasonably well studied in the
literature. Leland et al. [21] demonstrated that Ethernet communication is abrupt across
multiple time scales and can be described as statistically self-similar (1994). This research
poses a challenge to the Poisson assumptions in traditional network traffic models, indi-
cating that the study on network traffic model has stepped into a new stage. Since then,
Crovella and Bestavros [22] reported that Web traffic has self-similarity. Our research [23]
showed that the self-similarity of web traffic does not change with the introduction of
proxy. Studies have found that self-similarity also exists in multimedia traffic [24]. By ana-
lyzing the backbone link traffic of Tier 1 ISP, Karagiannis et al. [25] found that the high
bandwidth and high aggregate link traffic approximates the Poisson process at small scale,
which raises controversy over network traffic model, but this does not mean traffic does not
have self-similar nature. Borgnat et al. [26] analyzed the traffic of the trunk link across the
Pacific for seven years and found that LRD remains robust, sustained and stable, and the
trend that the edge distribution of the aggregated traffic evolves towards Gaussian distri-
bution tends to be stable over time. All of these studies have revealed that the high-speed
network traffic has self-similarity features statistically; regardless of network topology, the
number of users, types of services and applications, self-similarity always exists.

2.2 Wireless Traffic Analysis

Many researchers explore the statistical characteristics of traffic in various wireless net-
works. The study in [27] showed that wireless ad-hoc network traffic exhibits self-similar
characteristics with LRD. Tickoo et al. [28] developed an analytic model to characterize
the interarrival time distribution of traffic in wireless ad-hoc networks. Simulation results
show that a separate video stream is self-similar, while the aggregation traffic has multi-
fractal characteristics. The experimental results in [29] demonstrate that the self-similarity
of aggregation traffic in WLANs becomes more marked as network load increases; the
smaller the sampling interval, the more self-similarity there is; the self-similarity of TCP
traffic is higher than that of UDP traffic. Petropulu et al. [30] explored the case when wired
traffic is passed to a wireless network through a gateway, found that when the gateway
works in the power control mode and its buffer area is much larger than the capacity of the
wireless channel capacity, the self-similarity can decrease and even disappear.
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2.3 Wireless Traffic Modelling

Only a small amount of literature is related to the study of wireless self-similar traf-
fic models. Ge et al. [31] proposed a frame traffic model by analyzing the influence
of different frame types on the self-similarity of the aggregated frame service in 802.1
WLANSs. The purpose is to change the self-similarity of the aggregated frame traf-
fic by adjusting the average frame size and the ratio of specified frame types, thereby
improving channel utilization and throughput. Kastrinakis et al. [8] proposed a video
traffic model with Markov chains and the Jaccard index similarity coefficient as an
H.264 video traffic generator over wireless networks. Li et al. [32] presented an analyti-
cal model for wireless multimedia traffic, involving the fractional Brownian motion to
simulate the self-similar traffic behavior. A spatial correlation and mobility-aware traffic
model for wireless sensor networks was presented in [17] for wireless sensor networks.
The model predicts that the aggregated traffic exhibits the bursty feature characterized
by a scaled power-law decayed autocovariance function.

The video service has become the main traffic in mobile Internet, but the existing
literature lacks the research on the video traffic model of wireless multi-hop networks,
which drives us to construct an accurate traffic model and carry out a queuing analysis.

3 Wavelet-Based Gamma Model (WGM)

Many studies on network traffic characteristics show that network traffic in real environ-
ments presents a relaively significant scaling feature. The wavelet transform has a natu-
ral ability for scale analysis, suitable for describing network traffic. In this work, model
data generation process is as follows: first, the Haar wavelet transform is used to analyze
the data series generated by an experiment, and thus the scale space and wavelet space
of the data series are obtained. Then, the data are modeled in the scale space and the
wavelet space, respectively. Finally, the model data is obtained using the inverse wavelet
transform.

3.1 Scale Space Modeling

Two experiments scenarios are constructed to collect traffic data samples. Nodes can-
not move in Scenario I (say static multi-hop network) and can move in Scenario I (say
dynamic multi-hop network). For the former, we build an 802.11 wireless network with
three hops, where there is only one MPEG video connection, and no background com-
munication exists. For the latter, we set up an 802.11 wireless network that has a random
distribution of many nodes in moving status, where there is an MPEG video session and
multiple different types of cross sessions (non-video) as background traffic. After capturing
video traffic data transmitted at the network layer, we acquire the amount of data trans-
ferred per second.

The experimental data collected is decomposed into the third grade with Haar wave-
let multi-resolution to obtain the “smallest” scaling coefficients. The empirical prob-
ability of the scaling coefficient is calculated and fitted by Gaussian distribution and
Gamma distribution, respectively.
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Fig. 1 Probability of scaling coefficients

As shown in Fig. 1, Gamma distribution can fit the probability properties of the scal-
ing coefficient well, while the data generated by Gaussian distribution shows expansion
in numerical range and cannot fit the scaling coefficient well. We use the Gamma first-
order autoregression model (referred to as GAR(1)) to simulate the scaling coefficients.

Definition 1 (GAR(1)) In general, suppose X, is a stationary series. If
Xk=p-Xk_1+6k,0<p<1 (1)

in which {g,} is a random series independent of X, and follows the Gamma edge distribu-
tion, then {X, } is the data series satisfying GAR(1).

The general formula for the probability density of Gamma distribution is

1 a_ a1
f(X)Zm-ﬂ e x> 0,a,4> 0 )

where « is shape parameter, 4 is scale parameter, and I"(-) represents Gamma function
I'(a) = / uhe dp (3)
0

It can be seen that GAR(1) has three parameters p, @, 4. They need to be estimated from
real traffic data in order to fit the real video traffic source.
The mean and variance of {¢, } are expressed as

a a
[E(S) = z, D(é) = ﬁ (4)
Suppose
EX)=m, DX)=v )
then

Ee)=(1-p)-EX)=(1~-p)-m
D) = (1-p»)-DX)=(1-p>-v ©)

From (4) and (6), @ and 4 can be deduced as

_4=pm . om
(I1-p)-v’ d-p-v

(7
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Based on Eq. (1), we can estimate p through least squares method.

Zﬁz (X,. - ’") ) (Xi—l - ’")
T, (X —m)’

p= ®)

3.2 Wavelet Space Modeling

The modeling of wavelet coefficients for video streaming is carried out in both probability
distribution and self-similarity. It is well known that wavelet transform has an excellent
whitening effect on self-similar signals, and the wavelet coefficients are almost irrelevant in
the wavelet domain. Following the lemma derived from [33] well describes the whitening
effect of the Haar wavelet.

Lemma 1 Let x(r) be a self-similar fractal Gaussian noise (FGN) signal whose Hurst
parameter is H (0.5 < H < 1) and W, is the Haar wavelet coefficient of x(z). The correla-
tion coefficient of W, satisfies

EWj 4 W) ~ 02" -y =22 ko721 ©)

Remark 1 From Lemma 1, the correlation coefficient decays very quickly as the scaling
parameters j and the change in displacement parameter k. For the sake of simplicity, we
assume that the wavelet coefficients at different levels and those that reach the same level at
different times are irrelevant and can be modeled using irrelevant models.

The wavelet coefficients will be Gaussian distributed when x(¢) is a strict FGN signal,
but the real video stream is usually not a strict FGN signal. Thus, a random variable prob-
ability distribution correction method is introduced.

Assume that the probability distribution function of the random variable x is F(x). To
obtain a set of random variables with the probability distribution F,,(y), we can perform the
following transformation

y = F;' (F,(x)) (10)
By applying (10) to the process of wavelet coefficient modeling, we have
Wi = F; (N;(x0) (11)

In Eq. (11), Fj‘1 is the inverse of the empirical probability distribution function of the j-th
wavelet coefficients; N, is the Gaussian distribution function N(y;, 0;), where y; and o; are
the mean and standard deviation of the j-th-order wavelet coefficients; x;, is the random
variable that follows the distribution of N(y;, 5,). In this way, we can find the wavelet coef-
ficients at all levels of the model.

3.3 Data Synthesis

The model data of scale space and wavelet space can be generated using the model intro-
duced above. The detailed process is as follows:
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1. Determine the level number n of wavelet multi-resolution analysis, wavelet analysis of
the real data, decompose to level n; obtain one scale space (level 0) and n coefficients
of wavelet space (form level O to level n-1);

2. Calculate the parameters of GAR model using scaling coefficients of real data and then
use the model in Sect. 3.1 to generate the scaling coefficient U k;

3. Estimate the mean and standard deviation of the wavelet coefficients at all levels to pro-
duce a Gaussian distribution series and to correct wavelet coefficients W, at all levels
via the formula W, = F;_, (N;(x;, k));

4. Using wavelet transform to obtain a simulated video stream, i.e.,

2"—1 n 2-1
GO =) Uy~ 0o+ D, D Wi w0 (12)
k=0 j=0 k=0

4 Verification and Validation of the WGM

Based on the model presented in Sect. 3 and the experimental data generated, two differ-
ent model data are generated for Scenarios I and II, respectively using the Matlab tool. The
level of wavelet multi-resolution analysis is fixed to 3. In the following context, we first
verify the self-similarity of model data, followed by a performance validation of the WGM.

4.1 Model Verification

We analyze self-similarity of data series generated by the WGM, involving the self-simi-
larity coefficient, the variance—time (V-T) diagram, and the rescaled adjusted range (R/S)
plot, according to the standard statistical analysis method in [21].

Figures 2 and 3 provide the autocorrelation properties of model data generated by the
WGM, where the parameters of Gamma model are calculated using the experimental data
generated with the method in Sect. 3 under Scenarios I and II.

The time series form Scenario I generated by the model is examined in Fig. 2a, where
the model data has visible burstiness. From Fig. 2b, we can see that the autocorrelation
function for the time series exhibits a hyperbolic attenuation trend, which is indicative of
self-similarity. Figure 2c is the V-T graph for the time series, where the slope of the vari-
ance logarithm is greater than —1. There is a slowly decaying variance for the aggregated
time series, which is another indication of self-similarity. Figure 2d provides the R/S plot
of the series, from which the self-similar parameter H of the model time series is estimated
as 0.8094, confirming once again the existence of self-similarity. Similarly, as shown in
Fig. 3, the data from Scenario I generated by the model also has visible self-similarity, and
the Hurst parameter H can be estimated using the R/S method to be 0.8096.

4.2 Performance Validation

The results in Sect. 4.1 indicate that the model data generated by the WGM has prominent
self-similar features. To further verify and evaluate its performance, a natural step is to
compare it with the video stream data series produced by experiments.

Figures 4 and 5 give a comparison of the autocorrelation function, PDF (probability
density function) and CDF (cumulative distribution function) curves of experimental
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Fig.2 Evidence of self-similarity of video traffic in Scenario I (model data)

data with model data for Scenarios I and II, respectively. The WGM fits statistical prop-
erties and autocorrelation characteristics of experimental data series well, indicating
that it can accurately reflect the main characteristics of actual video traffic.

Figure 5a shows that the autocorrelation curve of model data is generally lower
than that of experimental data. The gap between the two curves in the [60, 90] interval
increases, but when Lag is 90, both tend to approach each other. This feature shows
that the model reduces the autocorrelation of experimental data to a certain extent. The
main reason for this is that the randomness of the model and the high packet loss rate of
the dynamic network data are irregular. We can see Fig. 5b that the probability density
curves of experimental data and model data are obviously different when the sample
size of the time series is close to zero, but are very similar in the other regions. Careful
analysis shows that the jump of experimental data series is caused by high packet loss
rate when the sample value is close to 0. Turing to Fig. Sc, model data and experimen-
tal data are also slightly different in the vicinity of zero, which, however, the deviation
gradually disappears as the value of data becomes more massive.

In Table 1, the self-similarity of the two data series is demonstrated by the Hurst
parameter, and the effect of this slight deviation on the self-similarity of real-time video
traffic can also be explained. The self-similarity of model data and experimental data
are very similar, which further validates the accuracy of our model proposed in this
paper. Moreover, we can see that the variation of the Hurst parameter of Scenario I is
more significant than that of Scenario II by comparing the difference of self-similar-
ity between simulated traffic and model traffic. This feature also confirms the deviation
phenomenon observed in Fig. 5 in another way.

@ Springer



WGM: Wavelet-Based Gamma Model for Video Traffic in Wireless. ..

573

Log10 (Variance)

Data series (byte)

% 10° Model result for the second experiment

Autocorrelation

20 40 60 80
Lag

100

(b) Autocorrelation function

R/S plot

7 1
6
0.8
5 c
K]
4 T 06
2 g 04
=
<
0.2
0
0 500 1000 1500 2000 2500 0
Time (s)
(a) Time series plot
Variance time plot
0 3
25
-0.5
’Q‘ 2
(S
-1 S 15
e
S 1
-1.5
0.5
-2
0 0.5 1 1.5 2 01

Log10 (Aggregation level)
(¢) Variance time plot

15 2 25
Log10 (Sample size)

(d) R/S Pox plot

Fig. 3 Evidence of self-similarity of video traffic in Scenario II (model data)

Autocorrelation

(a) Autocorrelation function

—— Experimental data
- - -Model data

%
6%
5%
4%
3%
2%

Frequency (percentage)

1%

—— Experimental data
- - ~Model data

100%

80%

60%

40%

20%

—— Experimental data
- - ~Model data

0%
0

Data series

(b) PDF

Cumulative frequency (percentage)

8 %g 4 6 8
x10° Data series x10°
(¢) CDF

Fig.4 Fitting degree between experimental data and model data for Scenario I

Autocorrelation

6%

100%

o
Experimental data Experimental data g
- - -Model dats P --- T
lodel data ) 5% Model data é 0%
< b - - ~Model data
S 4% e
o > 60% /
g 2
2 3% §
3 g 40%
& 2% =
3 13
g 1 g 20%
e o
- 0y = " F] -
S et 0% SR =
20 40 60 80 100 0 2 4 6 s O 0 2 4 6 8
Data series X 10° Data series x 10°
(a) Autocorrelation function (b) PDF (¢) CDF

Fig.5 Fitting degree between sexperimental data and model data for Scenario II

@ Springer



574 H. Shen et al.

Table 1 Comparison of Hurst

parameter Scenario Experimental data Model data Difference
I 0.8080 0.8094 —0.0014
I 0.8184 0.8096 0.0088

5 WGM Queuing System

In the previous section, the accuracy of the WGM is verified, and thus it can be used
as source traffic generators to evaluate video transmission performance over a wireless
multi-hop network. In this section, the theoretical analysis of buffer overflow probabil-
ity with the WGM under the framework of multi-scale queuing analysis is conducted,
to provide a reference for the design of effective communication protocols and access
control mechanisms.

5.1 Analysis of Multi-scale Queuing

Assuming that there is an unlimited first-in first-out (FIFO) buffer, the outflow probabil-
ity is constant to C. Let Q, denote the buffer length at time #, and G(i) denote the traffic
flow into the buffer, we have

0, = SUP(G(S) —s5-0) (13)

s>1
where s is time scale and G is the cumulative traffic at scale s, computed by

s—1

GY =) G(t+)) (14)
j=0

We intend to determine the buffer overflow probability (i.e., P(Q, > K)) for cases where
buffer capacity is limited, and its overflow threshold is set to K. The following is a brief
introduction to the multi-scale queuing analysis proposed in [34].

In Eq. (13), time scale s is continuous. However, using discrete wavelet transform,
we can only find the second-order time scale, i.e., s =2/, j=0,1,...,n. Thus (13) can
be changed to

0p= sup (G -C-2) (15)

k(217+1)2/ G(t)dt. Let E; = {Qy < K+ C -2}, then

P(Qp > K) =1~ P(Qp <K) = 1 - P(N_,E) (16)

In order to solve P(N_ E;), Lemma 2 is introduced according to [34].

in which G®(k) =

Lemma 2 If E; = {S; < K;}, in which S; =X,+ - +X,_;, 1 <i<n, and X,, ..., X, are
independent of each other, then

P(EIE,_,....Ep) 2 P(E),1 <i<n (17)
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Accordingly, the following can be derived:

PQp > K) = 1 - P(Q) < K) = 1 — P(N"_E))

n n 18
=1- P(EO)HP(Ei|Ei_1,...,E0) <1 —HP(E,.) (18)
i=1 i=0

From Egs. (13) and (15), it can be derived that O, < Q,, it can also be expressed as
P(Qp > K) < P(Q, > K), and can further be approximated as

PQ, > K)~ 1 -] PE) (19)
i=0

The key to multi-scale queuing analysis is to find P(E;) on each time scale, i.e.,
P{Q, <K+ C-2'}.

5.2 Multi-scale Queuing Model

The relationship between the scale factor and the wavelet coefficients is given by Haar
wavelet transform, as follows:

{ Uiy = 9-1/2, Ui_ig+ Wiiyp)

Ui = 272 Wit = Wisiw)

(20)
At level j, the time scale s is set to 2"~/. The cumulative traffic, denoted by G;(), its rela-
tionship with wavelet scaling coefficient is expressed as

Gi(k) =27 Uy, @D
Therefore, for the WGM, let

_J Uy, i=0
Xi = { —=20=D72 - W,_| 5i1_y, otherwise (22)
then combining Eq. (21) and (22), it can be inferred that
G =27 X,=27.5 (23)
i=0
Let
Ki=K-2+C-2" 24)
then
E,={G,<K+C-2}={S,<K;} (25)

This satisfies the condition of Lemma 2. Therefore, for the queuing analysis based on the
WGM, we summarize the following theorem:
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Theorem 1 Assuming that the parameters of scaling coefficient GAR model are a, A, and
the j-th wavelet coefficients are y; and c;, then for the WGM, the buffer overflow probability
can be calculated using Eq. (19), and

P(E) = P(S, < K))
{ Gam(K,).if i = 0 (26)

2
2@ K. _ G=py K.—x _ oy .
— e dx by L. e=#dy, otherwise
I'(a)-\ 270 -

where Gam(-) is the probability distribution function of the Gamma distribution, i.e.,

Gam(K;) = : VAT S N I'a) = ety Q7
v I'(a) ’ -
0 0

u and o are computed by

i~1
u=-y 24/2 . H;
j=0

‘ A (28)
c=4/22- o
=

Proof For Eq. (26), there are two cases to discuss:

1. Wheni =0, we have S, = Uy, and P(E;)) = Gam(K).
2. For the case where i > 0, we have

Si=Upo+ Ws, = Upp — Z 2602 W iy (29)
=

Equation (29) consists of U, and Wy. The former satisfies Gamma distribution, and
the latter represents the sum of several independent Gaussian distributions (which have
been proved) and still follows Gaussian distribution. Let E(Wg) = y and D(Ws) = o2,
then based on the property of Gaussian distribution we have (253). Thus, §; can be seen
as the sum of a random variable subject to Gamma distribution and a random variable
of a Gaussian distribution whose probability distribution is a joint distribution of two
random variables. From the knowledge of probability theory and mathematical analysis,
it can be deduced that
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P(E) =P(S; < K;)

—u)2 o
1 _ G=p) A a—

¢« XTw ' e *Vdxdy
(04

2rno

K; — Ki—x a
/ ! . €_<2:2)2 dx/ A -y"’_1 . e_i*"dy (30)
- 2o 0 I'(a)

_ G 2 K‘_X
)42 a—1 —Ay
27 dx VT e dy

I (@) - \/ﬂ 6/

In Eq. (30), we can see that both Gaussian distribution and the original function of Gamma
distribution cannot be represented by elementary functions. For example, the following
integral solution can be obtained by calculation:

K;—x
/ y(z—l . e—/l-_vdy
0

_ e—l.(Ki—x)/Z 1 : a (d + 1) 3
== [1+a-(l-(Ki—x)) WhlttakerM(2 — A (K; x)>
+(4 - (K; —x))%" -WhittakerM(% -1 (a; D A (K; —x))]
(€20

where WhittakerM(-) is the solution to the hypergeometric Whittaker function. In our
model, a and A can be estimated using the specific value, K;, which also has a specific value
in the calculation. The probability P(E;) can be calculated in this way, and the overflow
probability can be further calculated according to Eq. (19). [

5.3 Storage Model

In this section, a storage model for network buffer is built, based on which the theoretical
value of delay and delay jitter of a video stream is derived.

Let Q, represent the queue length of the buffer at time ¢, and € = P(Q, > K) denote the
buffer overflow probability. The storage probability for Q, can be expressed by 1 — e. Accord-
ing to the theoretical basis provided by Sect. 5.1, the O, can be expressed as the queue length
of buffer on each time scale under the framework of multi-scale discrete wavelet transform.
Thus, the storage probability can be computed by

l—e=1-PQ,>K =]]PE) (32)

i=0
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where P(E;) is as shown in Eq. (26). We know that if node buffer is limited and the rule of
the self-similar queuing system is FIFO, the waiting time for a newly arrived video traffic
must be the time required for all the tasks in the current queuing system to be completed,
which is computed by

=2 (33)

According to probability distribution function of Q, obtained by Eq. (3), we can get the
mean and variance of T, representing delay and delay jitter, i.e.,

ol _1
EIT,] = E[E] == E[o]

n

1
¢ 2 0,(1-P(Q,>K)) (34)
-+ Fo-(T17e))
=0 =0
and
E(Q,%) — E(Q,)*
DIT,] = E[T,] - (E[T,])" = [ -E@)] (35)

C?

Substituting Q; in (15) into (34) and (35), the delay and delay jitter of wireless video
streaming can be obtained.

6 Simulation Analysis of the WGM Queuing System
In previous sections, the queuing model for the wireless video stream and its theoretical

calculation for buffer overflow probability, delay, and delay jitter are given. Next, we con-
duct a simulation queuing analysis. The buffer overflow probability is first simulated and
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Fig. 7 Buffer overflow probability as a function of buffer size

analyzed in detail. Then, the delay and delay jitter are simulated and analyzed carefully. In
our study, experimental results are obtained by using Matlab.

6.1 Simulation Results: Buffer Overflow Probability

We design four simulation experiments in this section, focusing largely on the sensitivity of
buffer overflow probability to buffer size and sending rate.

6.1.1 Overview

The first simulation experiment illustrates the general effects of buffer size K on the
overflow probability of video streaming when C is set to 66,447 B/s. These impacts can
be observed in Fig. 6a. The probability of buffer overflow gradually decreases with the
increase of K and approximately showing the trend of hyperbolic attenuation. The differ-
ence between experimental data and model data is to some extent caused by the random-
ness of data generated by the mathematical model. The small errors of & and A from estima-
tion in scaling coefficient model are reflected. The second experiment mainly investigates
the trend of buffer overflow probability with the change of C when K is fixed to 265,800 B.
As shown in Fig. 6b, the probability of buffer overflow dramatically decreases with the
increase of sending rate, showing an approximately exponential decay.
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Fig. 8 Buffer overflow probability as a function of sending rate
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It can be concluded that the impact of sending rate on buffer overflow probability is
higher than that of buffer size. Increasing the sending rate of buffer data has a better effect
of reducing the overflow probability.

6.1.2 Impact of Buffer Sizes

The purpose of the third experiment is to see the change of overflow probability of experi-
mental data and model data with respect to buffer size K is obtained by analyzing C at
66,447 B/s, 87,951 B/s, and 107,520 B/s, respectively. Form Fig. 7, we can see that no mat-
ter what kind of data is analyzed, when C is set to 107,520 B/s, the value of overflow prob-
ability is minimal, and the magnitude of the change is relatively small and stable with the
increase of buffer. Regardless of the value of C, the overflow probability shows hyperbolic
attenuation with an increase of K. Second, when C takes a different value, the value of K
that makes overflow probability close to zero also changes dramatically. Also, the range of
overflow probability of model data is less than that of experimental data.

6.1.3 Impact of Sending Rate

The next experiment studies the changes in overflow probability of experimental data and
model data concerning C when K is set at 26,5800 B, 35,1804 B, and 430,080 B, respec-
tively. It can be seen from Fig. 8 that when the buffer threshold K is relatively large, a
smaller C can reduce the overflow probability effectively; regardless of the value of K, the
overflow probability still shows exponential decay; when K takes different values, the value
of C (that makes the overflow probability become 0) is almost unchanged. This tendency
indicates that although the increase of network buffer can reduce overflow, the determinant
factor that reduces or eliminates the overflow probability is C. There is a similar phenom-
enon in Fig. 7 that the range of overflow probability of model data becomes small.

6.1.4 Summary of Results

The overflow probability of model data in these experiments all shows a decreasing trend,
mainly because model data are more regular than experimental data. It is no longer as
messy as the simulated data. This regularity changes the values of a and A in the Gamma
model of the scale factor. The change, though not significant, can be observed. In the
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Fig.9 Comparison between experimental data and model data with varying buffer size
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subsequent analysis of the delay and delay jitter simulation, this phenomenon can appear
many times and will not be repeated.

6.2 Simulation Results: Delay and Delay Jitter

The analysis of delay and delay jitter of wireless video traffic is also divided into four
experiments. With wavelet analysis, each level of data series is only expressed in terms
of time scales, in which the durations are not specifically given in seconds. Therefore, the
follow-up analysis focuses on qualitative analysis to provide reference and directional guid-
ance for the prediction of video communication performance. With (34) and (35), it can
be inferred that the delay and delay jitter are infinite when C is set to 0. Thus, we replace
C = 0 with C = 1in the calculation.

6.2.1 Overview

The first experiment examines the variation of delay and delay jitter for K, where C is
fixed to 66,447 B/s. These variations are shown in Fig. 9. From Fig. 9a, the delay is
not reduced with network buffer, but first increases and then gradually stabilizes. Turn-
ing to Fig. 9b, the y-axis shows a negative jitter, which does not affect our evaluation
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Fig. 11 Delay as a function of buffer size
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for this change. If the absolute value of jitter is used for evaluation and sending rate is
fixed, the delay jitter increases first with the increase of K and then stabilizes.

The results of the second experiment are to look at the variation of delay and delay jitter
with respect to C when K = 265,800 B. It can be seen from Fig. 10a that with an increase
of C, the delay reduces rapidly. Because C has enormous jumps, only two curves that are
almost coincident with the y- and x-axis are seen if the x-axis shows all the values of C. For
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this reason, only part of the points is shown here. The attenuation of delay is approximately
a straight line as C increases, but in fact, the delay shows approximately exponential decay.
Figure 10b reveals the trend of delay jitter change when K is fixed to 265,800 B. Because
the y-axis is negative, we use its absolute value for evaluation. With the increase of C, the
jitter becomes smaller. Similarly, model data shows a smaller jitter range than experimental
data. The fourth experiment also shows the same phenomenon.

6.2.2 Impact of Buffer Sizes

The purpose of the third experiment is to explore the variation of the delay and delay jitter
with K when C is 66,447 B/s, 87,951 B/s and 107,520 B/s, respectively. It can be seen from
Fig. 11 that when C is relatively large, the delay of wireless streaming media is almost sta-
ble; when C is relatively small, the buffer has a more significant impact on the delay, which
first increases with the buffer and then becomes stable. Besides, the range of model data
delay is smaller than that of experimental data. From Fig. 12, the absolute value of delay
jitter is also used for evaluation, which shows a similar trend as in Fig. 11.

6.2.3 Impact of Sending Rate

The results of the fourth experiment reveal the variation of delay and delay jitter with C
when K is 265,800 B, 351,804 B, and 430,080 B. It is clear that with the increase of C,
the delay is drastically reduced in Fig. 13. Similarly, the model data has a smaller range
of delay than experimental data. In addition, there is an interesting phenomenon: when
C is small and has not reached a certain value, the higher the buffer, the greater the
delay. In Fig. 14, which mainly studies the variation of jitter with the transmission rate
when K is different. We can see that it has the same trend as shown in Fig. 13.

6.2.4 Summary of Results

The purpose of the third experiment is to see the change of overflow probability of
experimental data and model data concerning buffer size K is obtained by analyzing C
at 66,447 B/s, 87,951 B/s, and 107,520 B/s, respectively. Form Fig. 7, we can see that
no matter what kind of data is analyzed, when C is fixed to 107,520 B/s, the value of
overflow probability is minimal, and the magnitude of the change is relatively small and
stable with the increase of buffer. Regardless of the value of C, the overflow probability
shows hyperbolic attenuation with the increase of K. Second, when C takes a differ-
ent value, the value of K that makes overflow probability close to zero also changes
dramatically. Also, the range of overflow probability of model data is less than that of
experimental data.
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7 Summary and Conclusions

This paper presents a Wavelet-based Gamma Model (WGM) to model multi-hop video
traffic based on the characteristic analysis of typical wireless video traffic. First, two wire-
less video streams through simulation are generated, which correspond to static multi-hop
network and dynamic multi-hop network. They have all the characteristics of network traf-
fic, including self-similarity. Second, the WGM generates two types of experimental data.
The results demonstrate that the model data also shows all the characteristics of network
traffic. By analyzing the fitting degree of autocorrelation, PDF, and CDF of experimental
data and model data, we find that the WGM can reflect the various characteristics of mul-
timedia traffic in wireless multi-hop networks. By observing the self-similarity of experi-
mental data and model data, we confirm the accuracy of our model. Lastly, we deduce the
theoretical value of overflow probability, delay, and delay jitter based on the WGM and
verify the accuracy by experimental data.

Our results show that the overflow probability decays hyperbolically and exponentially
with the increase in network buffer and transmission rate. We also find that the delay and
delay jitter of wireless video streaming first increase and then stabilize with the increase in
buffer size, and delay and delay jitter decrease sharply with the increase of sending rate.
This study is helpful for the performance improvement of wireless video service.
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