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Bayesian Statistical Modeling of System Energy Saving
Effectiveness for MAC Protocols of Wireless Sensor
Networks: The Case of Non-Informative
Prior Knowledge

Myong Hee Kim', Man-Gon Park’’

ABSTRACT

The Bayesian networks methods provide an efficient tool for performing information fusion and deci-
sion making under conditions of uncertainty. This paper proposes Bayes estimators for the system effec-
tiveness in energy saving of the wireless sensor networks by use of the Bayesian method under the
non-informative prior knowledge about means of active and sleep times based on time frames of sensor
nodes in a wireless sensor network. And then, we conduct a case study on some Bayesian estimation
models for the system energy saving effectiveness of a wireless sensor network, and evaluate and com-
pare the performance of proposed Bayesian estimates of the system effectiveness in energy saving of
the wireless sensor network. In the case study, we have recognized that the proposed Bayesian system
energy saving effectiveness estimators are excellent to adapt in evaluation of energy efficiency using
non-informative prior knowledge from previous experience with robustness according to given values

of parameters.
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1. INTRODUCTION

The wireless sensor network (WSN) is a net-
work of sensor nodes communicating by means of
wireless transmission. WSN is a wireless network
consisting of spatially distributed autonomous
sensor devices which are called sensor nodes in re-
mote setting to cooperatively monitor physical or

environmental conditions, such as temperature,
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sound, vibration, pressure, motion or pollutants, at
different environments. The WSN nodes operate
on battery power which is often deployed in a
rough physical environment as some networks
many consists of hundreds to thousands of nodes.

The media access control (MAC) protocols of
WSN extend network lifetimes by reducing the ac-
tivity of the highest energy-demanding component
of the sensor platform. Trading off network
throughput and latency, energy efficient MAC pro-
tocols synchronize network communication to cre-
ate opportunities for radios to sleep with active du-
ty cycles [1-4].

Significant researches have been carried out to
reduce energy consumption at sensor nodes
through the design of low-power sensor devices.
But due to fundamental hardware limitations, en—
ergy efficiency can only be achieved through the

design of energy efficient communication protocols
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such as the sensor MAC, Timeout MAC, Berkeley
MAC, Dynamic Sensor MAC, Dynamic MAC and
so on [56-7,13-15].

The system effectiveness in energy saving is
the probability that the wireless sensor network
system can successfully meet an energy saving
operational demand within a given time period
when operated under specific conditions.

Bayesian methods provide an efficient tool to
analyze the system effectiveness in energy saving
of the wireless sensor networks. Bayesian methods
got their name from the Rev. Thomas Bayes, who
wrote an essay, posthumously published in 1763,
that offered a mathematical formula for calculating
probabilities among several variables that are cau-
sally related but for which-unlike calculating the
probability of a coin landing on heads or tails—the
relationships can't easily be derived by experimen—
tation. But it was the rapid progress in computer
power and the development of key mathematical
equations that made it possible for the first time,
in the late 1980s, to compute Bayesian method with
enough variables that they were useful in practical
applications. The Bayesian approach filled a void
in the decades and long effort to add intelligence
to computers. Nowadays Bayesian methods reign
supreme as the most effective set of methods to
use for a vast range of inductive inference pro-
blems. Recently Bayesian data analysis methods
for modeling informative estimation and evaluation
of network systems which is called Bayesian net-
works have become increasingly and rapidly im-
portant in the WSN [8-12,17].

This paper is an extension of [18] which we
studied in the case of conjugate prior knowledge.
In this paper, under the consideration of the
non-informative prior knowledge based on ob-
served active and sleep times data from sensor no—
des in a wireless sensor network, we develop
Bayesian statistical models for observed active and
sleep times data based on time frames of sensor
nodes under the selected energy efficient CSMA

contention-based MAC protocols such as S-MAC
(sensor MAC), T-MAC (Timeout MAC), B-MAC
(Berkeley MAC), DS-MAC (Dynamic Sensor
MAC), and D-MAC (Dynamic MAC) based on
IEEE 802.154 for wireless sensor networks. Also
we propose Bayesian estimation procedures for
system effectiveness in energy saving for the se-
lected energy efficient MAC protocols.
Accordingly, we propose Bayes estimators for
the system effectiveness in energy saving of the
wireless sensor networks by use of the Bayesian
method under the non-informative prior knowl-
edge about means of active and sleep times based
on time frames of sensor nodes, and then we eval-
uate and compare the performance of proposed
Bayesian estimates of the system effectiveness in
energy saving of the wireless sensor network.

2. BAYESIAN LIFETIMES FRAMEWORK FOR
PARAMETERS OF SYSTEM ENERGY
SAVING EFFECTIVENESS

We consider a wireless sensor network system
for continuous sensing, event detection, and mon-
itoring consisting of N non-identical deployed sen-
sor nodes each of which has exponentially dis-
tributed active and sleep times under the lifetime
frames of a wireless sensor network according to
MAC protocols at the data-link layer.

More precisely, for i** deployed sensor node, if
we suppose that k, active/sleep frame cycles (slots)
are observed as lifetimes, then A, 4, - Ay, are
independent active times random sample data from
the exponential distribution <(8,) with the mean
time between active times (MTBA) 6, and
81, 8y - S, are independent sleep times random
sample data from the exponential distribution e(y,)
with the mean time between sleep times (MTBS)
g, and the component energy saving effectiveness
of the " deployed sensor node is given by

H

Qi=65+,u(. (1
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The system effectiveness in energy saving (or
system energy saving effectiveness) is defined as
the probability that the wireless sensor network
system can successfully meet an energy saving
operational demand within a given time period
when operated under specific conditions. Accor—
ding to Sandler [16], the system energy saving
un-effectiveness of a wireless sensor network is
the product of the component energy saving un-ef-

th

fectiveness of the i** sensor node, that is,

5=TI". 0 =TI .(1—_H =TV %
Q=1Ili-1 @ i=(1 9i+m) l=1(9i+ﬂi

)
(2)
Therefore, the system effectiveness in energy

saving of a wireless sensor network which are

consisting of N non-identical deployed sensor no-

des becomes
—1_A —7_TIN 0;
Q=1-Q =1-TliGG ) 3)

where, 6, is MTBA and g, is MTBS of the i

sensor node.

The fundamental tool used for Bayesian estima-
tion is Bayes’ theorem. The likelihood function is
the function through which the observed lifetimes
results or samples (active and sleep times) from
the deployed sensor nodes modify prior knowledge
of the system effectiveness. The prior distribution
represents all information that is known or as-—
sumed about the system effectiveness in energy
saving. The posterior distribution is a modified and
updated version of the previous information ex-
pressed by the prior distribution on the basis of
the observed lifetimes results or samples from the
deployed sensor nodes of a wireless sensor network.

We can write Bayes’ theorem in a mathematical
expression as Posterior distribution = Prior dis-
tribution x Likelihood Function/Marginal Distri-
bution. That is,

N 18 )
ol - T G0 (0)

)
_ f(x|8)9(8) _ _ 9(0)L(6lx)
f(x) 559(6)L(6]x)d

3 ,if 8: continuous,

4)

where, 6= (6,, 6,, .., 6,) is a vector of the parameter
space ®, z= (2, 2 ..., Ty) IS a vector of statisti-
cally independent observation of the random varia—
bles X (the sample data), g(#) is the joint prior
probability distribution of & (the prior knowledge),
£(z,10) is the conditional probability distribution of
X, given 6 (the sampling model),
f(&lg) = H%ilf(xilé) = L(élz) is the joint condi-
tional probability distribution of X given 9 (the
likelihood function of 6 give ),
f(z, ) is the joint probability distribution of X and
8, f(z) is the marginal probability distribution of
X, and F(6lz) is the joint posterior probability dis—
tribution of 6 given z (the Posterior model)

If we assume that the active times

{4, Ay ‘"’Aik,} for the N non-identical de-
ployed sensor nodes are exponentially distributed

with Mean Times Between Actives (MTBA's)
6, 0,, ..., 8, respectively, such that

fi(4yl8:) = elieXP (—%iii), 5)
where 4,,(>0) is the j* active time of the i** sen—
sor node for j=1, .., k, 6,(>0) is the Mean Time
Between Actives (MTBA) of the ** sensor node,
k=number of the observed active/sleep cycles
(slots) of the i** sensor node, for i=1,..., N

Also if we assume that the sleep times
{81 Sg».r Sy} for the N non-identical deployed

sensor nodes are exponentially distributed with

Mean Tinmies Between Sleeps (MTBS's)
Bys Hos vy, Tespectively, such that
fo(Sylws) = Hi exp( /' (6)

where ;(>0) is the j* sleep time of the i sensor
node, for j=1,.., N, y,(>0) is the Mean Time
Between Sleeps (MTBS) of the i** sensor node,
and k= number of the observed active/sleep cycles

(slots) of the ** sensor node, for i=1,..., V.
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B

For " sensor node, we obtain the likelihood

function of 7, and T given 6, and u, as follows.
ey
Li(81.13|Ta,. Ts,) = ﬂfl(Aij‘eé) F2{Siln)
j=1
— ki 1 A 1 Si
= Hj‘:la-iexp (- -Ei-) oexp (— ﬁf)

_ 1 (T Ts; (7
T @k exp [ (91‘1 * uil)]’

where k=number of the observed active/sleep cy-

cles (slots) of the i** sensor node, T, = total oper-

ating time observed; 7,= Zf;l A, 4, is the j™

active time of the +** sensor node, and 7, = total

sleep time observed; 1= Zf;} Sp S

o -th
1 is the 7

sleep time of the i* sensor node, for i=1,.., N

3. NON-INFORMATIVE PRIOR KNOWLEDGE
OF PARAMETERS OF SYSTEM ENERGY
SAVING EFFECTIVENESS

The prior distribution as a prior knowledge of
parameters can be chosen to represent the beliefs
or experience of the researchers or engineers be-
fore observing the results or samples of an
experiment. However, it is hard for a researchers
or engineers to specify prior beliefs or experience
about parameters, and to cast them into the form
of a prior probability distribution.

A non-informative prior knowledge is a function
which is used in place of a subjective prior dis-
tribution when little or no prior information is
available. The term “non-informative” is used to
involve the lack of subjective beliefs or experience
used in formulating such a prior knowledge.
However, one can think of a non-informative prior
as simply being a function that is formally used
in place of a subjective prior distribution, for the
purpose of accomplishing some goals such robust-
ness, flexibility and stability of parameters, and so
on. Jeffreys [20] proposed a method of generating
non-informative priors which is invariant to trans

formations of the parameter vector. His method

begins by considering the Fisher information
matrix. This is known as Jeffrey’s rule [20].

If 17(8)! is the determinant of the Fisher’s in-
formation matrix [21], then an approximate non-
informative prior distribution of the parameter

space © is given by

o) < 1O, @

where,
. 8? A
1(6)= -E <_aé2 In L(9|£)).

Thus, by the Jeffrev’s rule based on Fisher's in
formation matrix, two general classes of the non-
informative prior distributions of the MTBA 6, and
MTBS p, for the i sensor are given by

1

§1;(6;) x @ 8;,>0, u; >0, ©

and
1

in(#g)‘xﬁ—?, w>0 v,>0, 10
respectively.

From the non-informative prior distributions in
(9) and (10), and the likelihood function in (7), we
can calculate joint posterior distribution of 8, and

u, for the i sensor node as follows.

ﬁi(ei'”ilTAilTSi)
o LBl Ty 91i(B)gai(pe)
fox foX LB 51T, Ts)  G1:(00)92: ()8, dp

(Bu) " ex —(Tﬁ+zs—i)] “up i
e PITVe T b

s " Ta, Ts. 1 0 % "ae,dy,
7 1 Ot exp [~ 2] O A0

T.. Ts,
gi—(kﬁui)ui—(kﬁvi) exp [_(_9‘4‘_1 + %)]
3 3

- P o T, T,
iy B 0o exp |-Gt 229 abau

k) (et T, Ts,
g, Ckirud =) g {_ ( gi; +E)]

Tk ks TAi X e+ ; TSi
Uy 07 exp (=) d6y] - Ly smes™? exp (= 72) ]

(1D
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Letting 6,=1/z and using f “lexp(—tz)de=

t~°I'(a), the integration calculation, the left side of
the denominator of (11), is calculated as

f 6, 4 exp(—T,,/6; ) d6;
A .

= J- zhit 2 exp(—Ty z ) dz
o
_ I"(k, +u; — 1)

(TAi)ki+ui_1 (12)

And, letting p,=1/8, the right side of the de—

nominator of (11) can be calculated as

f py Gt exp(=Ts,/u;) diy
0
I"(kl + Y — 1)

=fo pritvi=2 exp(—Tsiﬂ) dpg = W (13)

Hence by the expressions (12) and (13), we can
obtain joint posterior distribution of 6, and p; for

the i** sensor node,

fli(ei'#dTAi: Ts,-)
. TAi TSi
(TAi)ki+ui—1(Tsi)ki+vi-1 exp [—‘('él" + E‘)]
- ki +u;,— DI (ki +v;— 1) ) giki"'uiﬂfi""’i ’
, (14)
where 6,>0, g4, >0, and I'(-) is a gamma function.

4. BAYESIAN ESTIMATION PROCEDURE OF
SYSTEM ENERGY SAVING
EFFECTIVENESS UNDER
NON-INFORMATIVE PRIOR KNOWLEDGE

Under the non-informative prior knowledge, the
Bayes point estimator of the system effectiveness
in energy saving of the deployed sensor nodes of
a wireless sensor network by means of MAC pro-
tocols can be calculated by the posterior dis—
tribution of the component energy saving un-ef-

t sensor node.

fectiveness of i
First, we have to find the posterior distribution
cof &=yp,/0, as the ratio of MTBS to MTBA.

According to (14), we can express that

NO. 6. JUNE 2010

G15,(8i|Ta, Ts,)
= [ £t 006,11, T )61 a6
0

_ (T )ki+“i_1(T )ki—Hll'—
(ki +uw;— Dk +v,—1) I
f (0 Crum1(g,5,)~®i+ " exp [ (— +lde,

B (TAi)ki+ui_I(Tsi)ki+vi—16i_(ki+17i)
T (kg +u— Dk + v — 1)
f g, @k D g [ _( +TA1)]d0

Lettingz = 1 /g,and using the formula
i
f:’z“'1 exp(—tz) dz = t~°I'(a), we obtain

915,861 T4y Ts,)

(TAi)ki+ui—1(Tsi)ki-}-vi—lsi"(ki‘“’i)

- F(ki+ui—1)1"(ki+vi;1)

. f z@hituitvi=2)=lgyp [— (% + Ty,)zldz
0 i

_ @y (et s 4 Tl 4w+ - 2)
- I‘(ki+ui—1)1"(k,-+vi—1)

(Tsﬂ + TA,)Zki'*ut'Wi—Z
i T

_ (D) TRt M2k w4 v = 2)
T Tl w— DIk +v,— 1) (Ts, + 8T Hartuato2

(TA )k,+u.—1(T )kl+v, 6k,+u, -2

TBhi+u-1, k +vl—1) (Ts, + 8Ty )P iturtvi=z”

Accordingly, the posterior distribution of the

component energy saving un-effectiveness @, for
i** sensor node is given by

R =1 ~ -2
G1i (QiITAi' TSi) = glsi(Qi - 1ITAiJ TSi)Qi

(Ta it 1(Tg Yot
=B(ki+ui'—1, k; +-|]i_1)
@ - 1)" +u-2(5,72
[Ts, + (Qi — 1)T,y JPretwtvi=2

(Ts,/TAA)k"'W"-l (1 —0 )k5+ui—2(é,)ki+v,-—2
TBUgrw—1, kv —

1) [1—-0:;(1— )]Zk,+u,+v,—z

(T, /Ta) et
_B(ki+ui-1, ki+v,—1)

° (Qi)ki+vi_2(1 — Gi)kﬁu,--z [1
= Qi1 ~ Ts, [Ty )] Chetueto=D),
(15)
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1

where 0<g=++<1, B(,.) is a beta function and

&=/0; is the service factor.

Under the squared-error loss and the non-in-
formative priors, Bayes point estimator of the *
component energy saving un-effectiveness EZ for
the deployed sensor nodes of a wireless sensor
network is the mean of the posterior distribution
of Q We can find the Bayes point estimator of
the i* component energy saving un-effectiveness
51. from the expression (15) and by use of trans-
formation,

N
1-g G- (16)

W

Hence the Bayes estimator of the i** component
energy saving un-effectiveness 51 can be calcu—
lated by the mean of the posterior distribution of

Q as follows.

o BE .
QG = E(QulTs, Ts)

=ju Q10:1:(011Ta,, Ts )4,

_ fl (TS‘/TAi)ki+vr1
T Bl tu~ 1, kv~ 1)
A = Gk gyt
= G0 =TTy, e 44

L @y

TBUGgHtu -1 kitr— 1) - B
fl G- Q‘_)erx;—Z @)kt 40
o 1= Q1L — T /Ty Y2 4%

_ T, /T v
T BUgt+w—1, kv~ 1)

Kitreg=2 7:4:
XJW 1-w )
o T, .
Ts,

Ty
1-—w(l- 1-w1-7Y
TA') rk;«wwv‘-ﬂe TA [ TA ]‘»2
B VY B b w1 -2 dw
[ ( Ts, ! Ts, ( T,

(@) .
. & (T
Bl +w, — 1 ki+v,— 1) \Ty Ts,

1 7. 11
X f w1 (] wYeree 2 | w(l- 2] dw
o L TSt

R+l

kitrg—1

Ta
Ts,

TBUatwu-L ktv— D

i Ty 17t
. ] whitvi—1 (1 — W)ki+ui~2 {1 —w(l— _‘)] dw
[ Ts,

_TAi ki+v,~1 ) . _E
_im-_j 2F1<1,ki+vi,2k,»+u,r+vi 1;1 T.)
amn
7,
where 0< - < 2 and
5,
o (@)
Flab;ct) = s
o s (ett a8

is a confluent hyper-geometric function in Gauss’

form for |t|< 1, with {a),= %;—),a, b, e> 0.

Therefore, under the non-informative prior
knowledge, the Bayes point estimator @ of the
system energy saving effectiveness of the de-
ploved sensor nodes of a wireless sensor network

by means of MAC protocols can be represented as

N
= BE
e =1-] |a
f=1

_ 4 _TIN Tay . kitvi—-1 . . . .
=1 Hi=1 [TS[ 2kl+ui+-v_i'“2 2F1 (1, kl + Vi, Zkl +
Ta;
ui+?i_1}1—;§£)], (19)

T
where ¢ < ~]—fl— <2and ,F (e bet) is a confluent
s,
hyper-geometric function in Gauss’ form for [t[<1

as expressed in (18),

5. SIMULATION STUDY OF THE PROPOSED
BAYESIAN ESTIMATORS UNDER
NON-INFORMATIVE PRIOR

We can generate active and sleep times as
shown in Table 1 from 5 sensor nodes (Kmote

Fig. 1. An USN System with Kmote Units Which used for
the Simulation Study.
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Table 1. A Random Generated Sample of Active and
Sleep Times (Unit: msec)

Bayes estimates of the system effectiveness in en-
ergy saving according to parameters of non-in—

MAC Node A B C D E formative prior knowledge = 1(2)5, 5,=1(2)5, ¢, =
20 120 150 120 120 1(2)3, 4,=1(2)3, duty cycles £=5, message inter-
120 | 120, | 120, | 120 | 120 val=0.1(0.2)0.9, MTBA=12 msec and MTBS=20
1?;;1:86 120, 1 120, 1 120, | 120, | 120, " msec. And we compare the Bayes estimates of
112200’ 1122% 222% 1129% 15900, system energy saving effectiveness under the
802.11 20'0 20'0 20'0 2;'0 200 non-informative prior knowledge and selected
200, 200 | 200 | 200 200, slotted contention-based energy efficient MAC
2118;2 200, | 200, | 200, | 200, | 200, protocols in Table 2 for 802,11 MAC, Table 3 for
200, 220.0, 200, 22000 20.0, S~-MAC, Table 4 for DS-MAC, and Table 5 for
200 050 2&0 6‘0' 200 T-MAC, respectively.
31, | 2.3 .7, .7, | 1.7,
. 12, 121, | 36, | 29, | 32,
Active 45, | 17, | 51, | 37, | 42, Table 2. Bayes Estimates of the System Effectiveness
umes | oy 15 | 32 | 28 | 238 in Energy Saving for 802.11 MAC in the Case
12134 | 17 45 | 41 of Non-informative Prior Knowledge
$-MAC :
289, 1297, | 293, | 25.3, | 30.3, (w, v) Message Interval
Sleep | 518 | 299, | 284, | 291, | 288, P o1 0.3 05 07 09
times ggg’ g?g’ i’;? g‘;g’ ggg’ (1,1 0625 | 0625 | 0625 | 0625 | 0625
318 | 286 | 303 | 275 | 279 (13) | 0627 | 0627 | 0627 | 0627 | 0627
81, 1103, | 85, | 80, | 68, (1,5 0629 | 0629 | 0629 | 0629 | 0629
Active | 105 | 42,1100, 1 78, | 75, 31 | 0627 | 0627 | o627 | 0627 | 0627
i 92,177 102|105, | 49,
times 75, | 95 |113 | 94, | 69 (33) | 0632 | 0632 | 0632 | 0632 | 0632
DS-MAC 120 | 116 | 97 | 78 | 97 (35) | 0637 | 0637 | 0637 | 0657 | 0637
139, | 11.7, | 146, | 130, | 152, (B1) | 0632 | 0632 | 0632 | 0632 | 0632
Sleep éég’ ;47? jgg’ ﬁlg’ f;?’ (5,3) 0637 | 0637 | 0637 | 0637 | 0637
times | 145 | 125, | 118 | 126, | 151, G5 | 0639 | 0639 | 0639 | 0639 | 0639
100 | 104 | 123 | 142 | 123
12, 107, | 21, | 09, | 15, Table 3. Bayes Estimates of the System Effectiveness
Acti 23 121, | 14, | 1.7, | 18, in Energy Saving for SMAC in the Case of Non-
t;n;’e 09, 116 |07, |19 |07, informative Prior Knowledge
07, 108, | 12, |20 | 19
* ’ £ ’ » M I t al
A 13|15 | 18 | 13 | 24 i ) f—o egsagg; 6”07 5
308, | 313, | 299, | 311, | 305, - - - - -
5 297, 1299, | 306, | 303, | 302, 1,1 0901 | 0894 | 0860 | 0824 | 0805
ey | 311, | 304, | 313, | 301, | 313, (13 | 0906 | 0896 | 0sez | 082 | 0807
1, . .8, | 30.0, .1,
‘2,03; ‘?Oi- i,% 2| 317 32(;16 (15) | 0908 | 0898 | 0867 | 0828 | 0809

units) under the USN system as shown in Figure
1 according to the contention-based slotted MAC
protocols assuming that duty cycles (slots/frames)
k=5 MTBA=12 msec, and MTBS=20 msec.

With theses generated sample, we calculate

31 | 0906 | 0896 | 0862 | 0826 | 0807

33 | 0901 | 0891 | 0867 | 0831 | 0812

(35) | 0906 | 089 | 0877 | 0836 | 0517

(5,1) | 0901 | 08901 | 0867 | 0831 | 0812

53) | 0906 | 0906 | 0877 | 0856 | 0817

(B5) | 0908 | 0907 | 0883 | 0838 | 0819
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Table 4. Bayes Estimates of the System Effectiveness
in Energy Saving for DS-MAC in the Case of
Non-informative Prior Information

Message Interval
(w;, v,)

0.1 0.3 0.5 0.7 09

(LD | 0852 | 0825 | 0795 | 0775 | 0725

.3y | 0857 | 0827 | 0797 | 0777 | 0727

(15 | 0859 | 0829 | 0799 | 0779 | 0.729

(B | 0857 | 0827 | 0797 | 0777 | 0727

(33) | 0852 | 0832 | 0802 | 0782 | 0732

(35) | 0857 | 0837 | 0807 | 0787 | 0.737

By | 0852 | 0832 | 0802 | 0782 | 0732

(63 | 087 | 0837 | 0807 | 0787 | 0.737

Bo) | 0859 | 0839 | 0809 | 0789 | 0739

Table 5. Bayes Estimates of the System Effectiveness
in Energy Saving for T-MAC in the Case of Non-
informative Prior Information

Message Interval

0.1 0.3 05 0.7 0.9

(L) | 0940 | 0924 | 0898 | 0874 | 0845
(1,3 | 0945 | 0926 | 0902 | 0876 | 0847
15y | 0947 | 0928 | 0906 | 0878 | 0.849
(31) | 0945 | 0926 | 0902 | 0876 | 0847
(33) | 0940 | 0928 | 0906 | 0881 | 0852
(35) | 0945 | 0936 | 0913 | 0886 | 0857
(B1) | 0940 | 0931 | 0906 | 0881 | 0852
B3 | 0945 | 0936 | 0913 | 0886 | 0857
GBS | 0947 | 0937 | 0923 | 0888 | 0839

(v, v,)

From Table 2-5 for the comparison of the Bayes
estimates of the system energy saving effective-
ness in the case of non~informative prior knowl-
edge, we have the following results:

(1) The proposed Bayes estimators are robust
and stable in utilization as a performance evalua-

tion tool for the system energy saving effective-

ness in a wireless sensor network according to the

values of non-informative prior knowledge with
the parameters (u;, v;). The result of comparison
of the system energy saving effectiveness is repre-
sented as T-MAC »5-MAC »DS-MAC >802.11

MAQC, if we define “A >>B" as that A is more effec-
tive than B, for (v, v,)=1(2)5, duty cycles (slots/
frames) k =5, message interval = 0.1(0.2)0.9,
MTBA=12 msec and MTBS=20 msec.

(2) When message interval increases from 0.1
to 0.9, the system energy saving effectiveness de-
creases for all values of prior knowledge parame-—
ters as we expected.

6. CONCLUSION

The wireless sensor network (WSN) sensor no-
des operate on battery power which is often de-
ployed in a rough physical environment as some
networks many consists of hundreds to thousands
of nodes to monitor, track, and control many civil-
ian application areas such as environment and hab—
itat monitoring, object tracking, healthcare, fire de-
tection, traffic management, home automation, and
sO on.

The WSN medium access control (MAC) proto-
cols are usually classified in two different groups:
TDMA protocols (LMAC, TRAMA, PEDAMACS,
and so on) and CSMA (carrier senses multiple ac~
cesses)-based protocols (5-MAC, T-MAC, B-
MAC, DS-MAC, D-MAC, and so on). In WSN
sensor nodes, MAC synchronizes the channel ac-
cess in an environment where numerous sensor
nodes access a shared communication medium. In
order to reduce energy consumption at sensor no-
des, significant researches have been carried out
on the design of low-power sensor devices. But
due to fundamental hardware limitations, energy
efficiency can only be achieved through the design
of energy efficient communication protocols and
routing methods.

In this paper, we propose the Bayes estimators
of the system energy saving effectiveness for a
wireless sensor network system consisting of N
non-identical deployed sensor nodes under the en-
ergy efficient CSMA contention-based MAC pro-
tocols such as S-MAC, DS-MAC and T-MAC
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based on IEEE 802.11.

In the case study, we have calculated these
Bayes estimates for the system energy saving ef-
fectiveness of the WSNs according to the values
of parameters of non-informative prior information
after generation of exponential random variates
and active and sleep times of the deployed sensor
nodes from assumed MTBA and MTBS. And we
have compared the system effectiveness in energy
saving according to the slotted contention-based
energy efficient MAC protocols such as 802.11,
S-MAC, DS-MAC, and T-MAC. And we have al-
so recognized that the proposed Bayesian system
energy saving effectiveness estimation tools are
excellent to adapt in evaluation of energy efficient
contention-based MAC protocols using non-in-
formative prior knowledge from previous experi—
ence as the case of conjugate prior information, and
that it was difficult to assess energy efficiency of
MAC protocols uniformly and generally due to the
variety of experimental conditions such as kinds
of motes, batteries, packet sizes, network top-
ologies, and deployed distances of sensor nodes,

and so on.
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