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Abstract: It is known to all that service-aware computing is an important s uti
plication with uncertainty. Because multi-source service-aware evidence inf
domly, in order to ensure the QoS of different mobile application fields based
information after considering context’s reliability, time-efficiency, and relativity,
(Dempster-Shafer) Evidence Theory when being used in the pervasive compusg
cess, we overcome the drawbacks of classical D-S Evidence Theory. All t
our service-aware computing projects. We compare EDS with relative me
(BT). By comparisons, the more validity of new service-aware computin
efficiency of our researches has been shown by our many application pract
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1. Introduction

As we know, service-aware computing
of pervasive computing for Web-based
with uncertainty [1]. The model of this se
from traditional human-computer interaction par
the pervasive mobile application envirgi

which means
to the dyna
s obvious. As we know, the
ery important because for

alize Web-based pervasive mobile application, especially,

Web-based mobile ap-
namic and changing ran-
e modified the fusion method of evidence
e classical fusion rule of D-S
EDS. After extending the pro-

duation of service, reasoning and making deci-
sion 1n time.

The requirement to service-aware computing runs
ough each layer from lower system to upper applica-
n [7, 8]. In our opinion, the main target of service-aware
omputing approach should include as follows.

1) Awaring and fusing of service context information
with uncertainty. In order to exchange the service con-
text information among different modules, system, envi-
ronment, the model of service-aware computing must be
set up, including the expression of service context, fusing
method of service context information with uncertainty,
and reasoning of uncertainty [9, 10]. The method of ex-
pression and fusing for service context information must
be general, such as probability, D-S Evidence Theory,
which can permit the same service context information to
be understood by different process module or agent. Ow-
ing to the noise of sensing data, the probability and statistic
character of service context information with uncertainty,
the reasoning capability should be used frequently. If the
service context information is for reasoning, we call it ev-
idence according to what Dempster-Shafer said. Paul Cas-
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tro studied reasoning of context’s parameters and relative
state based on Bayesian network and classical Dempster-
Shafer Evidence Theory [11, 12]. But Bayesian network
is too slow and classical Dempster-Shafer Evidence The-
ory has ignored the reliability, time-efficiency, relativity of
service context information with uncertainty.

2) Using of service context information with uncer-
tainty. Many problems about using of service context in-
formation with uncertainty are very important. It is how
to query and store the service-aware information, how to
schedule the service context information and actively sup-
ply the service in the presence of uncertainty for Web-
based pervasive mobile applications, and so on.

Among the two aspects mentioned above, we focus on
the first aspect to be studied, namely, mainly study com-
puting approach of dynamic multi-source evidence with
uncertainty based on service-aware computing theory for
pervasive mobile application.

We believe that the advantage of the Dempster-Shafer
Evidence Theory over previous approaches (such as Ran-
dom Sets Theory, Bayesian Probability Theory, and so on)
is its ability to model the narrowing of the hypothesis set
with the accumulation of evidence, a process that charac-
terizes diagnostic reasoning in medicine and expert rea-
soning in general [13,14]. An expert uses evidence that,
instead of bearing on a single hypothesis in the original hy
pothesis set, often bears on a larger subset of this set. Th
functions and combining rule of the Dempster-Shafer the
ory are well suited to represent this type of evidence and its
aggregation. But when it is used in the service-awar
puting for pervasive mobile application, the dra
Dempster-Shafer theory are existed, because
cal Dempster-Shafer theory was not conside

ability, time-efficiency and relativity of serv1
Therefore we propose a kind of new ser
puting approach in this paper, which is
cal Dempster—Shafer Evidence Theo
words, we will extend the classical De
dence Theory.

The rest of this paper wi
Firstly, we discuss related wo
Shafer Evidence Theory. Then we
aware computing approach 3

uncertainty based
ting. Finally, we give conclusions

Random Sets Theory [17] is one theory of applied
mathematicians, which can be used to induce distributed

decision making dynamically and do service-aware com-
puting with uncertainty for Web-based pervasive mobile
application. Using the notion of the Janossy density [18],
we can define the joint probability density of two random
finite sets X and Y, and the conditional probability den-
sity such as P(X|Y) and P(Y|X). Suppose X is a finite
random set modeling the unknown number of objects to
be estimated and_ Y is an observation with respect to X
given as anothe g random set. If the Janossy density
is jointly defined fo o random sets, X and Y, then
we can apply Bayes’

ey

”” to the multi-object
Oy the object model
Y| X). Assuming that,
ts” are all static, a typical model
g point process with an inten-
space E. In order to define a
consider N observations that
ets, Y1,Y5, .., Yy, in measure-
N, each having o-finite measure

estimation problem
P(X) and the ghse

= [[Pvilx) 2
i=1

problem can be defined completely when

each measurement model P(Yj|X). A typ-

, assuming (i) object-wise independent detec-

tion, (ii) object-wise measurement mechanism, (iii) inde-

t Poisson point process modeling false alarms, can

“X)=e > (]

a€A(X,Yy) x€Dom(a)

po(x))e( J[ (1-pp(@)

z¢ X\ Dom(a)

o I mw) 3)

y¢Im(a)

as a conditional Janossy density, where p,,, (y|x)is the den-
sity of the object-state-to-measurement transition proba-
bility, pp () is the probability of an object at state x. Being
detected (included) in the observation Y}, Ry is the den-
sity of the intensity measure of the Poisson point process
modeling false alarms in Yy with vi = [ 7(y)ur(dy),
and A(X,Yy) is the set of all the one-to-one functions a
defined on a subset Dom(a) of X taking values in Y.
Then, for any integer k’, there is a collection E, which
is called data-to-data association hypotheses, of tracks,
each of which is a subset of the tagged cumulative data

pm((a(z)]z)

kl
sets, |J Yi x {k}, such that we have
k=1

> ).

AEA,,

P(X|(Ya)f2y) =

> (I

a€A’(N\,X) T€Dom(a)
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Where p’()\) is the probability of each hypothesis A
such that ) 7, 1(\) = p'(z|7) is the density of the prob-
ability distribution of an object at x, E conditioned by all
the measurements specified by track 7, r}, is the density of
the intensity measure of the objects that are not detected in
any of Y}, such that k, &', with v}, = [, 7 (x)u(dz) , and
A’(X, X) is the collection of all the one-to-one function a
defined on A taking values in X.

Without any approximation (truncation), the cardinal-
ity of the collection I of all the finite sets in E, i.e., the
system state space, can be expressed as (By n = w(A),
we mean that the cardinality of set A is n)

> (w(E)™
Z(())

w(l) = n!

— cap(w(E)) 5)
n=0

When repeated elements are not ignored but the orders
in sequences are ignored, thereby considering quotient
spaces of the direct-product space E™ induced by permuta-
tions of elements. On the other hand, when the object state
space E is finite, then we have I = 2F that is the power
set of E, and hence, we have w(I) = 2w(E) In any case,
when we use a large enough upper bound n’ on the number
of objects, the cardinality of the state space becomes close
to either e (%) or 2¢(E) depending on how the repeated
elements are interpreted.

In many cases less than 600 for w(E) may not enough
number to realistically represent any practical problem.
With w(E) > 600, either ¢ ¥) or 2(¥) becomes a very
big number. We do not think any computer can hand
such a large state space in the foreseeable future. In sen
the direct numerical calculation approach in effect replac
the curse of hypotheses explosion in formula (2.4)
curse of dimensional explosion. A solution to this
of dimensional explosion was proposed in [19],
for each (hypothesized) number n of objects, t
functions pl,1, Pla, > Pl Of N @ posterijm
tributions on the object state space E,
posteriori probability on the number of obj
approximate the a posteriori Jonassy density fun
mula (2.4) as

P(X|(Yhot) = doy e 3

Where A(X) is the set of all th
deﬁned onset X in E tg -

; of n ObjeCtS is approx-
ons in for-

n objects are ignd
extension of the algo

or a given n, a non-Gaussian
gown as Joint Probabilistic
Data Association (JPDA) he cross-correlation
among objects is, however, a dir8§reflection of data as-
sociation uncertainty. Hence, the reduction of complexity

is obtained by ignoring one of essential consequences of
data association uncertainty, which may make this gener-
alized JPDA approximation formula (2.6) share the same
set of drawbacks of the JPDA.

Nonetheless, this direct numerical calculation ap-
proach appears very attractive since it is very easy to gen-
eralize observation models. Formula (2.4) is an applica-
tion model assuming no merged measurement and no split
measurement, as reflected ne-to-one function a in for-
mula (2.4). For example, we adify formula (2.4) to
accommodate merged measureg

73371}} =

P{Y‘{thz,

(Y‘(xla x2))pep (L1, T2)pF
+(1 - pc(xl, $2)

eing included in the data
ensity of joint-where-state-

random set of false alarms. The
robability pp and the density of
nt transition probability p,,, are the
revious section.

ther interesting variation of the sensor model (2.3)
-detection tracking model, such as

P((y(4)jen)X) =

L vU0) - ZXS(JIX)
S 2

5 . (®)
SR TG
ich is a conditional probability density of an obser-
tion Y = (y(j))jes as a collection of intensity val-
ues integrated within each quantized two or three dimen-
sional cells, conditioned by the collection of objects mod-
eled by a random finite set X. In formula (2.8), S(j|z) =

x) f] O(n — h(zx))dn is the integrated contribution of an

object at x within a cell, where s(z) is the signal strength
part of the object state x, h(x) is the projection of the ob-
ject state onto a focal plane or measurement space,¢(e)
is an appropriate point- spread function, and o(j) is the
standard deviation of the integrated noise in cell J , as-
suming cell-wise independent noises. To the best of our
knowledge, however, there is not yet any clear single effec-
tive method for solving the problem expressed by formula
(2.8).

By this approach, we are generating aggregate statis-
tics for a group of objects in service-aware computing.
Such objects may remain in a single statistical cluster
for an extended period of time, because they behave as

g,xﬁo()

x exp(—
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a group. This naturally leads to another important class of
problems, i.e., tracking groups of objects [20], rather than
individual objects. In the past thirty years, numerous al-
gorithms have been proposed but, to our knowledge, there
has not been any model that is mathematically rigorously
defined.

In addition, the Bayesian evidential reasoning tech-
nique is strongly founded upon the framework of Bayesian
(probability) Theory (BT) [21]. It also can be used to
induce distributed decision making dynamically and do
service-aware computing with uncertainty for Web-based
pervasive mobile application. Bayesian reasoning assumes
that the pieces of evidence E; to be aggregated are statis-
tically independent. This assumption may not be true in
cases where causal or contextual relationships exist, how-
ever for the purposes of fusing multiple neural forecasters,
we will assume that the evidence sources are “indepen-
dent” with respect to the errors they make.

Bayesian theory uses an ”Odds-Likelihood Ratio” for-
mulation of Bayes’ rule to aggregate the evidence from
multiple sources. The a priori odds O(H) of a given class
Hypothesis H (e.g., upward trend, downward trend) is re-
lated to it’s a priori probability P(H) by the following re-

lations: O(H)=P(H) 5 —
ations: O(H)=P( )p(H) P(H)=1f<()1({121)

The likelihood of the evidence E;, given that the hy-
pothesis H is true, is: L(E;|H) = ig?}g;

The class probabilities for each hypothesis may be e
timated from training data, and the outputs divided by
these probabilities to produce scaled likelihood, where the
scaling factor is the reciprocal of the uncondit
put probability. The formula for updating the
odds of a hypothesis H, given the evidence F;
OH—Ey, By, ..., B,) = O(H) [[;_, L(Ei]

And, the ”belief” or a posterior
a hypothesis is simply: P(H—Eq,

O(H|E1,E3,....En)
1+O(H|E1,E2,...,Ey)

having the greatest probabilit
dence.

3. BASIC DEMPST
EVIDENCE THEO

s and of the
years to con-
appealing is the
ev1dence developed by Arthur
g s careful study and
t systems. This theory
Dempster in the 1960s and subse-
Glenn Sharer [10].
that Glenn Shafer gives a talk ex-
positing Dempsters on upper and lower probabil-
ities. Basic Dempster- er Evidence Theory is one of
the results of the ensuing effort. It offers a reinterpretation

It is know

of Dempster’s work, a reinterpretation that identifies his
“lower probabilities” as epistemic probabilities or degrees
of belief, takes the rule for combining such degrees of be-
lief as fundamental, and abandons the idea that they arise
as lower bounds over classes of Bayesian probabilities.
During the past several years, the Dempster-Shafer Evi-
dence Theory has attracted considerable attention within
the Al community and other research domains as a promis-

The Dempster—
range [0, 1] to indicajg
of evidence. This g
dence supports the
a hypothesis is regd
hypothe31s

. A bpa is a generalization of
ensity function; the latter as-
[0, 1] to every singleton of ©
to 1. Using 2€, the enlarged

. 1 , a bpa denoted m assigns a
0,1] to every subset of © such that the num-

A) is a measure of that portion of the
ommitted exactly to A, where A is an element
total belief is 1.

on of belief cannot be further subdivided
bsets of A and does not include portions of
itted to subsets of A. Since belief in a sub-
set certainly entails belief in subsets containing that subset
ould be useful define a function that computes a to-
ount of belief in A. This quantity would include not
y belief committed exactly to A but belief committed to
subsets of A. Such a function, called a belief function.
The quantity m(©) is a measure of that portion of the
total belief that remains unassigned after commitment of
belief to various proper subsets of ©. For example, evi-
dence favoring a single subset A need not say anything
about belief in the other subsets. If m(A) = s and m
assigns no belief to other subsets of @ , then m(©) =
1 — s. Thus the remaining belief assigned to © and not
to the negation of the hypothesis (equivalent to c, the set-
theoretic complement of A), as would be required in the
Bayesian model.

4. SERVICE-AWARE COMPUTING
APPROACH CONSIDERING
RELIABILITY

There is a belief degree function mass to process the com-
bination computing according to the classical Dempster
-Shafer Evidence Theory [22], which is more free than
traditional Probability Theory, that is m (@) may not be
1,if X C Y, m(X) may not be less than m(Y"), mean-
while , m(X) and m(X’) may not have a certain amount
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relationship. Because the sensed multi-source data as dy-
namic evidence service-aware information is with noise
and uncertainty, the application in fact requires high re-
liability, we must consider context reliability factor dur-
ing fusion of them, which means if the classic Dempster-
Shafer Evidence Theory is used as fusion method and rea-
soning theory, we must modify it, which we call it ex-
tended Dempster-Shafer Evidence Theory (EDS).
Lemma 1 Suppose O is frame of recognition, U is a set of
individual object space of given information system .S,¢ is
a empty set, a random function Bel: 2V — [0, 1] is belief
function if only if:

(i) Bel(9) = 0

(ii) Bel(®) =1

(iii) If VX1, Xo, ...,
then

Bel( U >ZB€Z
=1

= Bel(X;NX;) +

i<j

X, C O(nis a certain integer )

n

+H(=1)" M Bel(() Xi) =

i=1
Bel([] Xi)

i<l

Z (_1)|I|+1

Ic{1,2,...,n}

€))

The proof of this lemma can be found in the reference
[22]. According to this lemma, we can decide whether or
not a certain function is belief function which was defined
by Dempster-Shafer and can compute the belief degreg
Bel.

Definition 1: Suppose the function mass is m(e) of a c¢
tain evidence, we can define the exchange form E of thi
evidence F , where O is defined above, A; is fo
ment (m(A;) > 0, 1is the number of focus numbe
meets the condition )

M(0) = 5m(9) +(1-96)

ment accordmg to specified case Z
probability assignment , then E is g

) are two basic probabll—
is the focus
s)ma(t) <

1,then the foll8 — [0,1] also
is basic probabilit
m(X) = , X #£ $(12)

The proof of this lemma also can be found in the above
reference. According this lemma, we can deduce a new fu-
sion method considering reliability of service-aware infor-
mation with uncertainty.

When not considering the time-efficiency, if the mass
m1, mo of two evidences (service-aware information) are
mapped to My, ™y , and their reliability factor is 1,62,
respectively, then the computing approach m:

4y

A:AiﬁAJ‘;Ai,AJ‘?é@

(51m1(

1(0) + (1 = 61)],

(13)
1[02m2(0)+(1—062)](14)

Scomputing approach of n evidences consid-
t reliability is as follows.

same condition, if  the mass
(o),...,mp(e) of n evidences (service-
awarc information) is mapped to mq, Mo, ..., My, and

their reliability factor isdq, do, ..., d,,, then the computing

proach 71 is
DDA [Ti<ic, mi(As)

<t 11

NAi=A 1<i+j<njizj,1<i<n;0<j<n

{6im;(Ai)[0;m;(0) + (1 —d;)]}, A# 0 (15)
I Gimi(@) + (1 -0} (16)
where ¢ = 1 - m;(A;) =

NA, =& 1<i<n
> I mu(4)

NA;#P 1<i<n

In formulas (4.7) and (4.8), if ¢ # 0, then the sum
result m is also a probability assignment function, if ¢ =
0, then no the sum result m, we call my, mo,...,m, is
conflicted each other. According to the formulas (4 1) and
(4.2), if only one 7 can lead to §; = 1, then my, Mo, ..., T,
is not conflicted absolutely.
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S. SERVICE-AWARE COMPUTING
APPROACH CONSIDERING
TIME-EFFICIENCY

Fusion computing approach considering time-efficiency of
evidence is the continuous improvement of computing ap-
proach considering reliability of evidence.

When the multi-source evidence information with un-
certainty is dynamic, although it is reliable, the continuous
changes in many aspects of the interested object often lead
to the change of its time-efficiency. If the classic combi-
nation rule of D-S Evidence Theory directly is used, we
often get the conflicted result /conclusion which are not
consistent with the intuition. After the analysis, we be-
lieve that time-efficiency of service context is necessary
to be considered. Although some researchers [23,24] have
found this case and solved it using some technologies to
special interested objects, such as adding a certain assis-
tant rule, intelligent technology, timely weight, other rel-
ative theories. But the process methods are mainly based
on the time-interval or special time point of service con-
text information and the time difference of multi-source
evidence information when multiple sensors which sup-
ply their sensed data and give the decision are indepen-
dent, that is to say, the time coordinate of dynamic object
needs to be tuned consistence, because of different tim
stamp, the belief degree of the service context inform
tion is possibly different. In many cases, the change o
the time-difference of multi-source evidence information
is arbitrary. Currently, there is no better method
this problem [25, 26]. In our opinion, if the ¢
cipline is expressed with a time-function, then
case of belief degree can be grasped, and in th
can modify the computing approach as follgwi
general.

Definition 2: Suppose the function mas
tain evidence E at the time- p01nt to,
the exchange form of the fu

§(t —to)m(4), Ai # ©
(0,1) = £(t — to)m(O) + [1

Where (t—tg) = 0 f(t—tg
to) is function of time-effig
expert of the special field
be tuned after being assg his function
, in different
as subsection
80 on. An example
= |Sin(t — to)|
Inction is: f(t-tg) =

value of them ma determined by a certain condi-
tion or restriction rule’§he time-efficiency factor & €
[0,1],> 7 (A;,t) = 1,0 is basic probability assignment

funsion, C is time-efficiency belief function of m. If ¢t =
to, when £ = 1, the evidence of focus is the whole ef-
ficiency evidence, and m = m is right. When £ = 0,
the evidence of focus is invalid evidence, we can get
m(6,t) = 1, which means the case is unknown totally,
in another word, the belief degree is uncertain absolutely.

Suppose the function mass m;(e),my(e) are basic
probability functign of two evidences in the Space U, the
function mass e are basic probability function of
two evidences at the omt t1,to, then after consid-
ering the time-efficies lence, the computing ap-
pt time point t:

AT ) 1o (A, 1)

— t1)ma(A;)

Z §(t—t1)

A=A, #6,A;=0

+ &t -t}

E(t —t1)ma(O) + [1 = &(t — t1)]},
(18)

“HO{C(t — t1)ma(6)
t)]} * {C(t — t2)ma(0) + [1 — C(t — t2)]}

\_/(‘;

Meanwhile, if ¢(t) # 0, then the sum result function m is
also a basic probability function. If ¢(¢) = 0, then there is
no sum result m, then m; is conflicted with ms.

Similarly, in the formula mentioned above, if there is
at most one t between t1, to, then 11, M5 is not conflicted
absolutely, that is compatible partly.

The fusion computing approach of n evidences consid-
ering context’s reliability is like this.

Suppose the function mass mq(e), ma(e), ..., my(e)
are basic probability function of n evidences in the Space
U at the time point t1,to, ..., t, , and the mapped time-
efficiency function is 71, Mo, ..., M, respectively, then
the fusion method m at the time point ¢ is as follows:

(At =c ) Y [ AulAnt),

NA;=A1<i<n

At0=c'(t) Y 11

NA=A1<i+j <nsij 1<i<n0<j<n
{C(t —t)mi(As) * {C(t — t;)m; ()
+[1 =<t —1)1}} (19)
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m(0,t) =c () [] {Ct—ti)mi(0)+[1—¢(t—

1<z<n

t;)]}(20)

where

C(t)=1'ZmAi:¢ H1§i§n M (Az'a t) =
Porasze Li<icn Mi(Ai t)

Similarly, if ¢(t) # 0, then the sum result m is also
a probability function , if ¢(¢) = 0, then there is no sum
result function m, we call that m1, ma, ..., m,, is conflicted
each other., namely, the each evidence is conflicted each
other.

6. SERVICE-AWARE COMPUTING
APPROACH CONSIDERING
RELATIVITY

Fusion computing approach considering relativity of evi-
dence is also the continuous improvement of fusion com-
puting approach considering time-efficiency of evidence.
Because there is a restriction condition that the evidence
must be independent when the classical D-S Evidence
Theory is used. But in many cases of applications, the rel-
ativity between evidences is existed absolutely [27, 28].
From the relativity degree, we can classify it into two
cases: relativity partly, relativity totally. If we have not pro-
cessed this relativity, whether it is partly or absolutely, be-
fore using this evidence, the result of fusion is not true or
reasonable, which reduce the QoS. In order to solve this
problem, we use the energy function to measure the rela-
tivity degree between evidence information, and by getting
rid of relativity, we can translate relativity evidence into ig
dependent evidence and then fuse them. In order to mal
the step of getting rid of relativity stand out, we exchang
the time-stamp that is used for tuning the time-efficg
Because the influence of evidence informatio
cided by the focus elements, the relativity of evj
formation is measured according to
from the same information source. Wi
ergy of evidence information as follows:
Definition 3: The energy function ¢(E)
can be defined
n(E)

W(E) =) m(A)/|Ail, A; # ©
i=1

where A; is the set of focus ele
of 4;, n(E) is the n
power, m(A;) 7
(1m(O,1) —
0,m(A;,t),m
If the fung
bility functio
ement is A;, B;
ements of £ and

y, obviously, some focus el-
e relative, and the relativ-

ple, E1 = {A,B,AB},|AZ| = 2771(E1) = 3E2 =

{B,C,D,BC},|A1| = 3,7’L(E1) = 4E1 n E2 =
{B},E1 U Ey = {A,B,C,D,AB, BC}, |A;| = 4. So
we define the relative degree as follows:
Definition 4: The coefficient of relativity pq2 which is
FEq to E5 and The coefficient of relativity po; which is
Es to Ey is defined 112 = 1/2¢(Eq, E2)Y(E2)/¢(Er)
pa1 = 1/20(Eh, E2)¢(Eh)/v(E>) where o(Ey, Ey) is
the relativity degree of evidence F; and F, which can be
computed as ©(E1, Es) L E2) [ (W(E2)+y(Er))
Suppose the function mase , ma(e) are basic
probability functions of two eva
U, {A;} and {B,} are the sg
computing approach consid
follows

(22)

¥ion computing approach of n evidences consid-
Phtext reliability is in the following.

Slmllarly, Suppose the function mass
mi(e), ma(e),...,my(e) are basic probability func-
g of n evidences in the Space U , the mapped function
mi,ma, ..., My, respectively, then the fusion method m

rh(@)zo
m(A) Z H m(

NA;=A1<i<n

=( > II mia)+n (23)

NA;=® 1<i<n

), A+

where
mi(A;) = {mi(A) (1 — fritn—i)),

1= " mi(Ay),

> I mita

NA;=d 1<i<n

Ai¢@7

Ai=6
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Z H m/i(AZ) =

NA; =& 1<i<n

Z H m;(Al)

NA;£P 1<i<n

From the mentioned above or analyzing the essence of
fusion method, we can summarize the difference between
fusion method of evidence information considering con-
text relativity and classic combination rule based on the
D-S Evidence Theory.

In fact, formulas (6.2) and (6.3) firstly convert the rel-
ative evidences into independent evidences. Then fuse the
converted evidences. But the fusion rule based on the clas-
sical D-S Evidence Theory does not consider the relativity
of these evidences, or exclude the evidences with relativ-
ity. Our method improves the quality of fusion of evidence
information. At the same time, it extends the adapted range
of the classical D-S method.

In our method, we put the part of conflict of evidence
information into the set @, because we can not the conflict
detail of evidence information, we let it distribute all el-
ements not in several focus elements, which means that
the uncertainty is smoothed. This kind of improvement
can make the fusion be done effectively both in the case
of evidence information with reliability and in the case of
evidence information with conflict highly in the dynamic
complexity case, but the correctness rate is higher.

7. INTEGRATED SERVICE-AWARE
COMPUTING APPROACH

As we know, in the most general situation, a gi
of evidence supports many of the subsets of
varying degrees. The simplest situation is that i
evidence supports only one subset to a certain
the remaining belief is assigned to 6.
During the application, firstly, the
©(+) among evidences should be chec

should be adopted. Then the
dences should be checked, if
rect, the formulas (5.2) and (5.3
then the rehablhty among ev1dences S
if 6; # 1 is right, the formulag
adopted. Otherwise, the clag¥d
Now, W€ propose ayg

as follows:

ativity threshold e
) then Call formula
then Call formula (4.5) and formula

D-S method as follows:

= > riu(Ai)ia(4))

AiﬂAj?f@

From now on, we call the integrated service-aware
computing approgch as Extended D-S method, in brief,
EDS.

8. TEST AND

athematic analysis, but we give
tal results.
td mobile application, such as

ented levels of access to information
and assistggce from computers [31]. Smart Meeting Room
uch a Smart Space deployed in a meeting
ment an ordinary meeting room with wall-
, sensors, cameras and the associated com-
perception modules so as to allow the user to
complete Web-based mobile application.
As software part of Smart Meeting Room, Agents
], such as facilitator agent, facial-voice identifi-
ion agent, motion-tracking agent, speech recognition
lent, virtual mouse agent, etc, have been used in order
support the function of Web-based pervasive mobile ap-
plication. When external service or information is required
by a given agent, the agent submits a high-level expres-
sion describing the needs and attributes of the request to a
specialized facilitator agent. The facilitator agent will fuse
relative information and make decisions in the presence
of uncertainty about which agents are available and ca-
pable of handling sub-parts of the request, and will man-
age all agent interactions required to handle the complex
query. Such distributed agent architecture [35] allows the
construction of systems that are more flexible and adapt-
able than distributed object frameworks. Individual agents
can be dynamically added to the community, extending the
functionality that the agent community can provide as a
whole. The agent system is also able to adapt to available
resources in a way that hard-coded distributed objects sys-
tems can’t.

The computing approach of dynamic multi-source ev-
idence information with uncertainty based on service-
aware computing approach mentioned above has been
used in the development of Smart Meeting Room and all
these developed technologies have been successfully in-
tegrated [36,37]. In the Smart Meeting Room, we have

room. We
jzed dis
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designed and developed multiple computing agents men-
tioned above: the face recognition agent which can rec-
ognize the person’s identity to login the system, such as
teachers, the virtual mouse agent which can track per-
son’s movement, especially, the hand’s movement (There
are two cameras to do these work, one is loaded on the
top of media board, another is loaded above the plat-
form. When the person look forwards the media board, the
hand’s movement in the space can be detected and recog-
nized, this result can drive the cursor on the media board,
which can help the person complete all functions of tradi-
tional mouse without any assistant additive device, so we
call it virtual mouse), the voice recognition agent which
can recognize the person’s voice and send the communi-
cation message to target agent, so adding or modifying
the voice command conveniently, the media agent which
encapsulates the software system [38,39]. Now we select
three scenes of these to demonstrate in the prototype sys-
tem.

8.1. Scenario I: Test for reliability

Suppose determining a person’s identity by fusing the
service-aware from two information sources, face recog-
nition agent and voice recognition agent, and then track
the activities of the person. If reliability factor of the voice
recognition agent 6; = 0.8, reliability factor of the face
recognition agentdo = 1. According to the gathered the
voice, the decision result of identity made by the voice
recognition agent is as m1 ({S, Z}) = 0.85, which means
the belief degree of S or Z of the person’s identity dete
mined by voice recognition agent is 85%. But accordi
to the collected image 1nformat10n by camera, the de

agent is mo({S}) = 0.95, which means the belie
of S of the person’s identity is 90%. Based on t
esis, the fusion agent of evidence info i
belief degree about the person’s identi
mula (4.5) and (4.6), and the process of C
results are as follows:

Table 1 computing ree of evidence information

1 95 ma(®) = 0.05
m1({S, Z}) = 0.68 {S}0.6 {S, Z}0.034
M1 (0) = 0.32 {510.304 ©0.016

In table 8.1, the mass for decision of the person’s iden-
tity and the multiplication of intersection set have been
given, each item is from multiplying by the intersection
item. When the mass is known, according to the formula
(4.5) and (4.6), we can get them together as follows:
m3({S}) = m1&mo({S}) = 0.646+0.304 = 0.95 be-
lief degree of the person is S
m3({S, Z}) = m1&ma ({9, Z}) = 0.034 belief degree
of the person is S or Z

m3(0) = 1S9 (0) = 0.0 ef degree of the per-
son is uncertain
Where 3 ({S}) expressg of the per-

son’s identity is S. Because
in the m3({S, Z}) and ms(

belief degree of S ig
S is [0.95, 1], that
son’s identity is

of S about the per-
d on this computing

, we consider the continuously dy-

pe there are many persons and the face charac-
Xce of some of them may be similar, at the same

wtic speed cases of voice are different in the different
time: some speak fast, but some speak slowly to different
ersons, and speak fast some time, but speak slowly some
e to the same person. That is to say, time-difference
15 existed always, so we must consider the time-efficiency
'when fusing the evidence information/service-aware infor-
mation.

Suppose the time-efficiency function f(¢ — () in the
formula is |Cos(t — to)|, then the belief degree of the per-
son’s identity computed by formula (5.2) for evidence in-
formation done by the fusion agent is

When t = tg,m1@&ma(S,t) = 0.95. When
t = to + 7/6,m15ma(S,t) = 0.792,When t =
to + w/4,m1@1ma(S,t) = 0.687. When t = tg +
7/3, 1o (S, t) = 0.473.

According to the belief region computed by the fu-
sion agent, after tuning the time-efficiency function, the
belief degree of S for the person’s identity is reflected
truly, which can overcome the error decision to the per-
son’s identity form the time-difference. By modifying, the
conclusion is consistent with our experiences of the Smart
Meeting Room, so the process is correct.

© 2012 NSP
Natural Sciences Publishing Cor.



18 %M SP}

De-gan Zhang, Xiao-dan Zhang: A New Service-Aware Computing Approach fo ...

8.3. Scenario Ill:Test for relativity

In the Smart Meeting Room, besides the service-aware
information of face and voice, there are many kinds of
service-aware information, such as emotion, gesture, po-
sition, direction, state, we collect these context-aware in-
formation mainly from the camera fixed in the corner of
Meeting Room, In order to process in time, we design and
develop a additional detection agent which can gather the
relative information dynamically, such as face’s emotion,
gesture, direction, position, and so on. Now, we reason
the person’s activity state according to supposed service-
aware information with uncertainty.

Suppose A mentioned above of evidence F; expresses
informal talk of the person, B of evidence F; expresses
formal speech of the person. B of evidence E5 expresses
formal speech of the person, C expresses that the person
is using the virtual mouse, and D expresses the body lan-
guage of the person. Obviously, there is certain relativity
between the two service-aware, so the computed result ac-
cording to the formula (6.2) by the fusion agent is as fol-
lows.

If the context decision form dynamic timely detection
& recognition agent is that mi(A) = 0.25,m1(B) =
0.55,ma(B) = 0.55,m2(C) = 045,mq(D) =
0.1.Ey N Ey = {B}. Then according to formula (6.3)
the fusion agent can compute the result of 115 and o

Y(E7) = (0.25 4+ 0.55)/2 = 0.40,

Y(E2) = (0.55 +0.45+0.1)/3 = 0.37,

Y(Ey, Eg) = 0.55/4 = 0.1375,

o(F1, Es) =2%0.1375/(0.4 + 0.37) = 0.357,
w12 = 0.357 % 0.37/0.40/2 = 0.165,
w21 = 0.357 % 0.40/0.37/2 = 0.193.

And the fusion result is m(4) =
0.487,m(C') = 0.428, m(D) = 0.006,

According the decision rule of thre
g1ve a conclusion that the pe
ing the virtual mouse.

Here we give the compa
ods [16, 17] in the same!
we compare our Extended
method. Theg

hd Wlth class1cal D-S method will
086%. Classical D-S

al D S method. The comparison result
can be show . e.8.1.

From the compP urve in Figure8.1, we can see
that the change trends af@rror ratio between Extended D-

S method and classical D-S method. Why? Because when

033

03z
= 025

013

Error ration (%)
o o
= b

0.os

Figure 1 Comparisd

elativity of service context of
ssical D-S method is ignored

2 4 3 i3 10 12 14 16
Wumber of checked object

|+ EDS —=— EST BT |

Figure 2 Comparison result of RST, EDS and BT

From the comparisons in Figure8.2, we can see that
EDS is the most efficient, but Bayesian (probability) The-
ory (BT) is worst. The reason is that Bayesian (probabil-
ity) Theory method is only depended on basic probabil-
ity assignment set by the user, so it has drawbacks about
other impact factors, such as, reliability, time-efficiency
and relativity. Therefore it is larger than EDS and RST.
RST method is also ignored the reliability, relativity of ser-
vice context of mobile application. At the same time, RST
is used more space and time than EDS when it do com-
puting process. By comparisons, as we know, the more va-
lidity of new service-aware computing approach based on
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EDS with uncertainty information has been tested success-
fully.

9. DISCUSSIONS

As we know, many researchers [41, 42] have recognized
that service-aware process with uncertainty must be con-
sidered in pervasive mobile applications. Service-aware
computing approach mentioned about is an important
method of pervasive computing for Web-based mobile ap-
plication with uncertainty. But many methods for service-
aware computing have their shortcomings, such as first-
order probabilistic logic, Bayesian Network, classical D-S
Evidence Theory [43, 44]. The following research exam-
ples are about the introduction of their shortcomings [45].

Mori [20] studied the shortcoming of context-aware
computing with uncertainty based on probability model
with Bayesian network. Mahler [17] studied the shortcom-
ing of Random Set theory in information with uncertainty.
Paul Castro [21] studied reasoning of context parameters
and relative state based on Bayesian network, the short-
coming of Bayesian network is slow. Saha [19] studied the
shortcoming of classical Dempster-Shafer Evidence The-
ory in service-aware process with multi-sensor track fu-
sion.

In D-S Evidence Theory, there is a belief degree func-
tion mass to process the combination computing, which
is more freedom than traditional Probability Theory, that
is m(©) may not be 1, if X C Y, m(X) may not be
less than m(Y"), meanwhile , m(X) and m(X’) may nq
have a certain amount relationship. But the sensed mul
source data as dynamic evidence service-aware inform!
tion is with noise and uncertainty, the application i
requires high reliability, we must consider context
ity factor during service-aware computing, it me
classical D-S Evidence Theory is used as se
computing method and reasoning theo
1t.

10. CONCLUSIONS AND F
WORKS

In order to support Web- based pe
tion with uncertainty bag

bed and set up a prototype hich is supported by
NSFC, ”863” High-tech Plan, inistry of Education,
China. We have selected the scenes of prototype system

to do application practices and testing of the modified ap-
proach. Three scenes have demonstrated them in the pro-
totype system. The results have shown their correctness,
so they have overcome the shortcomings of classical D-S
computing approach.

In order to compare with other relative methods, we
have reexamined the theory of Random Set and Bayesian
Theory. At the same time, we argued the drawbacks of
these approaches. Based d pcomparisons, the validity
of our new service-aware co g approach for perva-
sive Web-based mobile applicg i
been tested successfully. In #
so it can be used in many da

Of course, although wé
in our prototype system and
projects, some work my
as how to determi
better time-efficiey
tivity factor, etc.
done.
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