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OBJECTIVES

m Do the joint effects of MOBILITY and SPATIAL
CORRELATION lead to LRD traffic?

B If yes, how do they affect the HURST parameter?
(used to measure the intensity of the LRD in the traffic) ?



OBJECTIVES

B Analytical traffic model is developed capturing the

statistical patterns of NODE MOBILITY and
SPATIAL CORRELATION

B Investigate their impact on the network traffic

> to better predict and control the network traffic
-> for better design of efficient network protocols



MILESTONES

B Propose novel traffic models that capture the statistical
patterns of spatial and temporal correlations

B Reveal that the joint effects of spatial correlation and
mobility lead to pseudo-LRD traffic.

B Prove that the Hurst parameter is completely determined
by spatial correlation coefficient and mobility variance



Network Architecture

Wang, P., and Akyildiz, I. F., "Spatial Correlation and Mobility Aware Traffic
Modeling for Wireless Sensor Networks,'' IEEE Globecom Conf., Nov. 2009.
(Extended version submitted for journal publication, June 2009)

B Mobile nodes deployed in a large field
B Nodes may detect events and transmit them (single or multiple hops)

B Nodes are mobile and can transmit observed events after moving to a new
location.

B These observations from different locations can be spatially correlated s.t.
mobile nodes can generate similar traffic within a certain region.
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Single Node Traffic Model

B ON State (t°N) > MN transmits data with rate r
B OFF State (7,°FF ) > MN keeps silent

B Traffic generated by a single node dependent on time can be modeled as an ON/OFF
process

X (1) = Zl[Tn oy, @), =0
n=0

n+1

where T, denotes the time that the nth ON period begins,
T, =T,+ > (z7V +z2), n=1
i=0

and 1; ¢, tn.1 7 is the indicator function and is equal to 7 only for T, < t < T,,;.



DISTRIBUTION OF "ON" AND "OFF PERIODS”

Distribution of ON Period depends on statistical features of
* Mobility
* Spatial Correlation
* Data rate

Distribution of OFF period is more affected by
* Sensing (observation) time
* Information processing time

OBJECTIVE: Derive the expression for Complementary Cumulative Distribution Function (CCDF)
of the "ON STATE"
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DEFINITIONS

B Let V denote the file size required to transmit during an ON period.
B Length of ON period is simply > +,N =V /r where r is the data rate
B WLOG, assume unit data rate then 2> + N=V

B We need to express the file size V in terms of a set of variables
related to spatial correlation and mobility

B Then the pdf of V is derived based on the distributions of these relevant variables



DEFINITIONS

V depends on the number of coded sensing samples collected by a MN
after it moves to a new location.

According to entropy coding theory, the minimum amount of coded
samples required to describe the observed phenomenon S; at location 7/

V = 2H(s)
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DEFINITIONS

B Due to spatial correlation, the observed phenomenon at location / could
be correlated with the previous location ;.

B Thus, the total number of samples V transmitted at location i is a
function of conditional entropy:

HSIS) _ 5H(SS)-H(S))

V=2
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POWER EXPONENTIAL CORRELATION MODEL

B The correlation function is

__—(6ad)H?
kl.j = e

where d;; denotes the distance between two locations i and j.

B Parameters ©; and ©, control the correlation level within a given distance,
e.g., larger (smaller) 6, or 6, implies smaller (larger) correlation.

12



File Size Transmitted during the -th ON Period

B From power exponential correlation function
V.=V___(1— e 2" )2
where V, .=(2 1 0%)!/2 is the maximum file size.
REMARK:

V is closely related the attributes of event sources (o),
spatial correlation (8, 8,), and mobility (distance d;).
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Complementary Cumulative Distribution Function CCDF of V

B Adopting the heavy tail distribution of the distance leads to the
complementary cumulative density function (CCDF) of V

Fnl o Vzmax —a
F () = (20" (In(——=—y)
— X

max

where b is the minimum travelled distance and
a < 2 is the tail index of flight length distribution.
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Complementary Cumulative Distribution Function CCDF of
the "ON STATE": Power-law like Distribution

B The CCDF of the ON period is

— t’ ¢’ .

F;a (X) — (ln( 5 max )),5 (ln( 5 max 5 )) Y]
t max _1 t max o x

where
tmax — Vmax — \/2 72-62
B New parameter
3 o4
- &5

to reflect the joint effects of spatial correlation coefficient
(65) and mobility variability (a).

15



CCDF of the "ON STATE":
Power-law like Distribution

B Proposition 1:
If correlation parameter p = a/6, < 1,
the CCDF of the ON duration obeys power-law form

F, (x)=(1/x)"
with tail index y, ® 2p up to the cutoff time t_.

t ((9/4—-23)""—1/2)

char — tmax
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CCDF of the "ON STATE":
Power-law like Distribution

B Proposition 2:
The CCDF of the ON period follows power-law like
distribution that can be approximated by a mixture Pareto-
exponential form

(0 0<x<l1
() = < 1/ x)*” 1<x<t,,
Ta o —Ax
/Lle tchar = X = tmax
O X >t

where p and A are functions of correlation parameter p, and

tchar'
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PDF of the "OFF STATE"

B Assume the PDF of the OFF state follows Pareto distribution
(similar to the "Distribution of User Think Time")

7717°°

S, (O =y, 2
X

where m denotes the minimum OFF time and
Y, controls the variability of OFF period

The variability increases as y, decreases.
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Single Node Traffic:
Statistical analysis

B Based on the CCDF of the ON (OFF) states, we first evaluate
the auto-covariance of the single node traffic.

B Then, the long range dependence in the traffic is identified
if the auto-covariance exhibits power-law behavior.

B If the single node traffic is LRD, we need to reveal the
inferdependency between the Hurst parameter and the joint
effects of spatial correlation and mobility.
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Single Node Traffic:
Power-law Decaying Power Spectrum Density (PSD)

B To obtain the autocovariance, we first study the power
spectrum density (PSD) of single node traffic.

B Proposition 3:

If 0.5<p<1 and y, > 2, the PSD of the single node traffic
exhibits a power-law form, with fractal exponent (2-2p)

in the middle frequency ( 1/t,, « f « 1), e.q.,
S(w)=C,o’" > +C,0" >

where C; and C, are some constants.
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Single Node Traffic:
Power-law Decaying Auto-covariance

B Proposition 4:

Due to the power-law decaying PSD, if 0.5<p<1 and y, > 2, the auto-covariance
Cov(t) can display power-law behavior in the region 1 « |t| « t_ ., e.g.,

where Cov(t) = Dt 2" +D,t'™7
(2,8—1)‘(;%7:”1)2 G — 1) 7 (22,6’ s
D, — b _ —
] (E[z. 1+ E[7,1)( 2L MY )2 P2 == 23 my, -
g DG T (E[ra]+E[r,,])(2ﬁ_l+% )

Correspondingly, the Hurst parameter is obtained as

3-min(28,7,) 3-28 3-2al6,
2 2 2

H
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Single Node Traffic:
Pseudo LRD

From Proposition 4 we deduce

1. The joint effects of mobility and spatial correlation can
lead to pseudo LRD traffic,

which has power law autocorrelation function with the Hurst
parameter 0.5<H<1 up to a certain cutoff time lag

(e°9° ‘ 1.char' )
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Single Node Traffic:
Pseudo LRD

2. The Hurst parameter H = (3 -2 a/ 6,)/2
is completely determined by spatial correlation coefficient
(e.g.,6,) and mobility variability (e.g.,a).

Particularly, higher mobility variability (smaller a) along with
smaller spatial correlation (larger ©6,) can lead to

more bursty traffic (higher H)
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B Traffic flow is the aggregation of all the flows require
forwarded.

B The number of active flows traversing the relay node is
changing over time
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Relay Node Traffic:
Statistical analysis

B First evaluate the auto-covariance of the relay node traffic.

B Then, examine long range dependency in the relay node traffic
by evaluating its auto-covariance

that may exhibit a similar power-law behavior as the single
node traffic.
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Relay Node Traffic:
Traffic Model

B Suppose there exist N independent active flows traversing a relay node
B The relay node traffic, Xy(t), becomes

XR(f)=ZXn(f)

where X (1), n =1,2,3,..,N, denotes the traffic flow from
node 1,2,3,..,N, which are i.i.d
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Relay Node Traffic:
Auto-covariance

B Assume within a certain time interval T each flow passes
through the relay node with an identical probability of P;.

B The auto-covariance of the relay traffic takes the form

Cov,(t)=M FE Cov(t)

A

where M is the maximum number of flows the relay node can support and

Cov(t) is the auto-covariance of the single traffic flow.
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Relay Node Traffic:
Auto-covariance

This auto-covariance implies that

1. The relay traffic exhibits MP, times more fluctuations per
unit time than the single node traffic.

2. The auto-covariance of relay node traffic follows power-law form

because the single node traffic has power-law decaying autocovariance,
and the factor MP; does not affect this attribute.
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Relay Node Traffic: Hurst Parameter

B Proposition 5:

The power-law decaying auto-covariance implies that the
relay node traffic has the Hurst parameter

7 — 3-2 _ 3-2a/6,
2 2

in the region 1 « |t| « 1.

B Proposition 5 suggests that the relay traffic exhibits pseudo
LRD behavior with the same Hurst parameter H = (3 - 2p)/2

as the single flow traffic
29



Impact of Data Rate Dynamics: Motivations

Wang, P., and Akyildiz, I. F., "Spatial Correlation and Mobility Aware Traffic

Modeling for Mobile Sensor Networks with Time-varying Data Rate, "’
submitted for journal publication, July 2009.

B So far we assumed = Constant Data Rate
(applicability may be limited)

B Investigate the VARIABLE DATA RATE effects.

B QUESTIONS:

Does the single node traffic with time-varying data rate still
exhibit pseudo-LRD behavior?
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Extended Traffic Model

Traffic generated by a single node dependent on time can be modeled as an
ON/OFF process

X () = E rﬁTn,Tn+r,?ﬁ)(t)’ z =0
n=0

where T, denotes the time when the n-th ON period begins, e.g.,

7
T,=T,+2> (" +z77"), n=1
i=0

4

and r[ Tn,Tn+1 ] is the indicator function and is equal to r only for Tn <t < Tn+1 .
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Data Rate vs. Autocorrelation

B Preposition 6:

If 0.5 < (p=a/6,) < 1, the autocorrelation function of single node traffic
follows power law form within the time region [t,;, Rt,.]

R(t) =Gt + Gt

where t,_.. (t...) is the min (max) ON state duration,
R =(9/4 - 2p )/2-1/2,
Y, > 2 is the tail index of the CCDF (Pareto distribution) of OFF state,
6, (6,) is a function of data rate distribution f.(x).

-> The data rate dynamics can affect the extent of fluctuation per unit
time in the traffic because the coefficient 6; of R(t) depends on the

data rate distribution f.(x).
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Data Rate vs. Hurst Parameter

B Preposition 7:

The power-law decaying autocorrelation implies that the single node
traffic has the Hurst parameter in the time region [t,;, Rt ..J

 3—-28 3—2a/6,
2 2

H

= Hurst parameter is completely controlled by the joint
effects of spatial correlation (e.g., 6, ) and mobility (e.g., a) .
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Key Results

B The traffic with time-varying data rate still exhibits pseudo-
LRD with H=(3- 2 p)/2

B The joint effects of spatial correlation and mobility
completely control the Hurst parameter.

B The data rate distribution affects the extent of fluctuation
per unit time in traffic.
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Summary of the Overall Key Results

B The joint effects of mobility and spatial correlation lead to
the pseudo-LRD traffic from a single mobile node.

B The relay node exhibits the same Hurst parameter as the
traffic from a single mobile node.

B The time-varying data rate has no impact on Hurst parameter,
but affects the extent of traffic fluctuation per unit time.
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Broader Impacts
B The correlation based traffic model points to new directions
for solving traffic engineering problems.

B Instead of passively observing the traffic and designing the
resource allocation schemes,

new traffic shaping protocols can be proposed based on the
relationship between Hurst parameter and joint effects of
spatial correlation and mobility.

B Our approach is pro-active, thereby allowing the resulting

shaped traffic to follow the desired characteristics. N
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