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Abstract

Dempster-Shafer theory is one of the predominant methaa®fabining evidence
from different sensors. However, it has been observed teatf@3ter’s rule of combi-
nation may yield inaccurate results in some situationshis paper, we examine the
properties and the performance of five different combimatides on a set of real world
data. The data was obtained through biometric sensors froamdoer of human sub-
jects. The problem we study is the prediction of the actigiigte of a human, given
time series readings from the biometric sensors.
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1 Introduction

Information fusion refers to techniques of combining imf@tion obtained by multi-
ple sources (homogeneous or heterogeneous) in order tadproemprehensive and
accurate information. Merging evidences from differenirses would decrease un-
certainty in measurement, increase confidence, robustnelssoverage. Various tech-
nigues, such as Kalman filter [8], [12] and the Dempster-&htifeory [3], [13] are
currently used in the literature for combining evidencenc8ithe Dempster-Shafer
theory is a popular technique for fusing multiple evideneeswant to examine closer
the limitations of some of its computational underpinnings

The Dempster-Shafer theory is a mathematical theory ofeexid in which the
Shafer’s theory of belief functions allows one to quantifytal or incomplete beliefs
when it is difficult to estimate complete probability disutions. In the Dempster
Shafer theory, a frame of discernment defines the set of adliple outcomes. Different
information sources may assign different probabilitiesobsets of the same frame of
discernment. The Dempster’s rule of combination providesg of combining these
multiple assessments through the orthogonal sum. HoweageZadeh pointed out
[16], Dempster’s rule of combination may yield counteritite results because of a
normalization factor. In particular, the combination re@lephasizes the agreement
between multiple sources and ignores all the conflicts thindbe normalization factor.

A number of methods and combination rules have been dewelmpaddress the
problems of the Dempster-Shafer rule of combination in teeof strongly conflicting
evidence. In this paper, we examine properties of theserdift rules of combination
and test their performance on a set of real world data. Theidabtained by different
biometric sensors that are attached to the human body thmugrmband and contin-
uously monitor different biological functions, such as parature, sweat etc. and get
readings over time. The problem under study is the prediafdhe activity state of a
human through fusion of the different sensor readings.

This paper is organized as follows. Section 2 gives a quiekwew of the Dempster-
Shafer method and presents five different rules of comlmnasection 3 describes the
experimental setting, data set, and results. Section éwswvielated work. Section 5
presents conclusions and future work.

2 Overview of Dempster-Shafer Theory

The Dempster-Shafer theory is a mathematical theory ofeexd in which Shafer's
theory of belief functions allows one to quantify partialincomplete beliefs. The
Dempster’s rule of combination provides a way of combiningitiple independent
hypotheses by the orthogonal sum [9]. It has been widely tsetkal with uncer-

tainty, particularly subjective uncertainty that resdiltsn the lack of knowledge about
a system [15].

The Shafer's model defines a frame of discernm@nts the space of all possible
outcomes. A closed-world is assumed in that a frame of diggent is comprised of
finite number of exhaustive and exclusive elementary hygseth. Le® be a frame of
discernment. For our case, it is a set of human activitiesar@possibly perceived



by deployed sensors. Particularly, let us suppose thosehuattivities are “sleep”,
“watch TV”, and “ambiguous,® = {6,602, 05}, wheref; = sleep,f, = watch-tv,
05 = ambiguous. The set of all subsets®fis defined by the power set @&, 2°.
Each hypothesis (or subset) will be assigned a subjectiliefbén Shafer's model,
a basic probability assignment function (bpa, or mass fangcin) is used to assign
beliefs to subsets of interest. A mass function is a mappioig fsubsets of a frame
of discernmen® into the unit intervalyneg : 2° — [0,1], where,me(¢) = 0 and

> a,come(A;) = 1. In contrast to a probability distribution that distribsiteelief
over all possible elements of the outcome space, this loligioin attributes belief to
subsets of the outcome space. Any subs@ tfat is assigned non-zero mass is called
a focal element. The basic probability assignment mustilieiman intervalm(A) €
[bel(A),pl(A)]. This interval contains the precise probability of a setrgéiest in
the classical probability sense and is bounded by two ndtieeldontinuous measures
called Belief,bel(A), and Plausibilitypl(A). The lower bound (called the degree of
belief, bel(A)) is the measure of total belief attributed to a hypothesisa(subset
belonging to the frame of discernmenf), whereA C ©, and accordingly can be
calculated by summing all masses (or basic probabilitygassents) of the proper
subsetsB that supportd, bel(A) = >, 4 m(B). The upper bound (called the
degree of plausibilitypl(A)) quantifies the total amount of belief that might support
A, pl(A) = bel(©) — bel(A) = >_Brazs ™(B). Note these two bounds are non-
additive, meaning that the sum of all thd is not required to be 1.

Multiple sources may provide different probabilistic asseents for the same frame
of discernment. Dempster’s rule of combination aggreghatese assessments obtained
from multiple independent and equally reliable sourcescokding to Shafer's model,
Dempster’s rule of combination fuses multiple beliefs thgb their basic belief assign-
ments. These beliefs are defined on the same frame of diseatnbut are based on
independent bodies of evidence.

Dempster rule of combination is performed by using the coclive combination
rule (also called orthogonal sum).

X Y
mia(4) = ZXOY:?T_HZ(H yma(Y)
where,
klg = Z ml(X)mg(Y)
XNY=¢

wherel — k15 is a normalization factor that completely ignores confliod attributes
any belief mass associated with conflict to the null set. €quently this operation
will yield counterintuitive results in the face of signifitaconflict in certain contexts
[16]. In particular, wherk;» is equal to 1, Dempster’s rule of combination cannot be
defined mathematically (i.e., divide zero by zero). Thusdbmbined beliefs do not
exist and the bodies of evidences are said to be in full cdidian. We illustrate this
through the following example.

Suppose two experts are consulted regarding a systemgfailbe failure could be
caused by either component A, B, or C [16]. The first experielbet that the failure
is due to component A with a probability of 0.99 or componemtith a probability of



0.01 (denoted byn; (A) andms(B), respectively).

e Expert 1: my(A) = 0.99 (failure due to component A) anaky(B) = 0.01
(failure due to component B)

e Expert 2: my(B) = 0.01 (failure due to component B) and,(C) = 0.99
(failure due to component C).

They agree in their low expectation of failure due to comparig but disagree in the
most likely cause.

Table 1: A belief mass matrix is shown.

ma
‘ A=099 B=0.01 C=0
A=0 0 0 0
m; B=0.01| 0.0099 0.0001 0
C=0.99| 0.9801 0.0099 0

> xny=p M1(X) x ma(Y)

mi2 (B) = 1— ZXmY=¢ ml(X)mg(Y)
B 0.01 x 0.01
11— ((0.99 x 0.01) + (0.99 x 0.99) + (0.01 x 0.99))
~ 00001
1-0.9999

However, if we apply the Dempster’s rule of combination te thelief mass matrix
in table 1, the basic probability assignment for the failofeomponent3 is 1, even
thought there is highly conflicting evidence.

A number of different rules of combination has been devealojpeaddress this
problem posed by strongly conflicting evidence. In particu¥ager extends Demp-
ster’s rule of combination by utilizing the normalizaticacfor as a discounting factor
added to the weight of ignorance [14]. Dubois and Prade nesdifiempster’s rule of
combination based on the assumption that the two sourceelable when they are
not in conflict, but one of them is correct when a conflict oscf2]. With a slight
modification on Shafer’s model, Smets [11] and Murphy [6]qoeed new rules of
combination by simply removing the normalization factoorfr Dempster’s rule of
combination. We will detail how those extended rules of coration work in compar-
ison with Dempster’s rule of combination in a task of humativitg recognition.

2.1 Rules of Combining Multiple Hypotheses

Lefevre and his colleagues proposed a unified frameworkdhatrepresent several
rules of combining multiple hypotheses in a conjunctivessrsus [5]. Their idea
generalizes previously proposed rules of combinationdaseShafer's model in the



following two steps: first, compute the total conflicts inrtesrof the conjunctive con-
sensus:

k‘12 = Z ml(X)mg(Y)

XNY=¢

whereX,Y € 2°. And then, second, combine hypotheses on the subset ofaime fr
of discernment(A # ¢) C © with a particular set of coefficients;,,, (A) € [0, 1]:

m(@) = wm(P)ki2

m(A) = > mi(X)ma(Y) + wm(A)ki
XNY=A

whereV(A # ¢) € 2° and}_ ,co wm(A) = 1. By using this unified framework,
one can represent a particular rule of combination by cimgosiparticular set of coef-
ficients.

e Yager recognizes that an unreliable conclusion results free conflicts between
hypotheses and extends Dempster’s rule of combinationilBing %1 as a dis-
counting factor added to the weight of ignorance [14]. Yagere of combina-
tion is obtained by choosing,, (©) = 1 andw,,(4 # ©) =0

m(¢) = 0
m(A) = > mi(X)ma(Y),
XNY=A
m(©) = mi(@)ma(©)+ Y mi(X)my(Y)
XNY=¢
ifA=0

whereVA € 29, A # ¢, A+ O.

e Murphy’s rule of combination involves a simple arithmeticeeage of belief
functions associated with two independent evidences [6].

(A4) = 3 s (4) +ma (4)

e Dubois and Prade assume that the two sources are reliabletivye are not in
conflict, but one of them is correct when a conflict occurs [2].other words,
the truthliesinX NY if X NY £ goorXUY if XNY = ¢. Their rule
of combination is a hybrid approach that is a trade-off betwprecision and
reliability among the multiple sources. This rule is ob&irby choosingy A C

P andw,(A) = ﬁ ZA,,AQ\AlquzA,AlﬂAzqu m*
m(¢) = 0
m(A) = > my(X)ma(Y) +

XNY=A,XNY#¢

> mi(X)ma(Y)

XUY=A4,XNY=¢
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whereVA € 29, A +# ¢.

e Smets modifies Dempster’s rule of combination by removirgrtbrmalization
factor, k12 [11]. His rule also allows positive mass on the null/fempty se
Smets’ rule of combination is obtained by choosing (¢) = 1 andw,, (A #

9) =0:

m(@) = k= Y  mi(X)my(Y)
XNY=¢
m(A) = > mi(X)ma(Y)
XNY=A

whereV(A # ¢) € 2°.

3 Experiments

Our task is to develop a reliable method that identifies a huawivity from given
sensor readings. A single electronic device (i.e., armparatliding multiple sensors
is attached to human body, measuring various body moveraant,total energy ex-
penditure, physical activity duration, type of physicatity. The device has a model
of human activity for recognizing a possible activity fronsensory report, which is
generated by multiple sensors at a discrete time step. @déacrted sensor data, one
might want to train multiple classifiers and to generate ipl@tmodels, hoping that the
performance of trained classifiers is boosted by synecgitiintegrating their outputs.
To this end, we want to test the effectiveness of severaddifft rules of combination.

3.1 Human Body Sensor Data

We used a collection of human body sensor data that was tedléom sensory arm-
band attached to several human subjects. This data set vgasatly released to a
Physiological Data Modeling Contest (PDME)An armband attached to human body
monitors a subject’s motion, skin response, and heart'¢tfeats thru 9 different sen-
sors over time. In particular, each sensor reading is caagf 16 attributes

e Demographic information: age, handedness, gender,
e Sensory information:

— Sensor; measures sweat in micro siemens,

— Sensor, measures heat lost to the environment in wattsér?,

— Sensors measures temperature near armband in degrees centigrade,
— Sensor, measures number of steps,

— Sensors measures temperature of skin in contact with armband inegsgr
centrigrade,

Lt is publicly available at http://www.cs.utexas.edukséeherstov/pdmc/



— Sensorg measures sum of absolute differences of vertical accaarat
gram,

— Sensor; measures average of vertical acceleration in gram,

— Sensorg measures sum of absolute differences of horizontal actear
in gram,

— Sensorg measures average of horizontal acceleration,
e User information: user ID, sessional ID, session time

There are four different contexts about human activitiesleép”, “sleep-unlabeled
activities”, “watch-tv”, and “watch-tv-unlabeled actiigs.” In particular, an activity
annotated as “sleep-unlabeled” means that a human subjst#édping while doing

other unknown (or unlabeled) activitiés.

3.2 Experimental Setting

In our scenario, there arke different experts that identify a possible human activ-
ity given a sensor reading;. Each expert corresponds to an electronic device at-
tached to human body. An expert has the frame of discernmmehiaamass func-
tion of sensor reading. In particular, the mass function iapping from subsets
of the frame into the unit intervah;(s;) : 2 — [0, 1], wheremg(¢) = 0 and
> 4,co Me(A;) = 1. The frame of discernment includes three exclusive andwes¢ha
tive elements about possible human activit®@s= {61, 62,03}, wheref; = sleep 0
= watch-TV 65 = unlabeledactivity. An unlabeled activity is one where human sub-
jects do not specify their activity while they took part iretdata collection. When
an expert receives a sensory reading, it assigns its beligfet following four belief
massesyn(61), m(62), m(61 U 03), andm(62 U f3). Since we are interested in identi-
fying only those four activities, the corresponding subsete chosen from the power
Set,2® = {¢, 91, 92, 63, 0, U 62, 61 U 93, 6, U 9'5 01 Uby U 6’3} For examplem(Ql)
is a belief mass where an expert believes that the humanctubjsleeping whereas
m(62 U 03) represents the degree of an expert’s belief on the hypaettiesti a human
subject is either watching TV or watching TV while doing atlmaknown activities.
There are more than 100,000 labeled sensory readings thablected from 49
human subjects (i.e., 12 men and 7 women in the training se2 Amen and 9 women
in the test set). Instead of using all the available sensta, dee randomly chose a
subset of them and used for our experiments. A subset is sippately 10% of the
original data set and is divided into two parts: 80% for tirggrset and 20% for test set.
For a training data of each subsktdifferent classifiers are obtained by using linear
regression.

<
Il

XB+¢€,(e=RSS(B) =y —XP)
y = X3

where,

2Theotheractivities are ones without correct annotations. $leepandwatch-tvare two clearly known
when the data set was released.



A = min{e} =min {(y - X5)"(y - X0)}
— (XTX)fley

wherey is n x 1 vector of the target valueX is an x |Sensor Reading| sampled
subset matrix/ is a|Sensor Reading| x 1 coefficient vector, andBensor Reading|
is 9 (9 sensor readings)3 is the least squares estimate that minimizes the residual
sum of squaresRSS(8) = ming(y — XB)T(y — XB). Since we cannot always
guarantee thaX is nonsingular and¥” X is positive definite, we utilize a singular
value decomposition when to estimate the pseudo inveksExX )1 X7, 3

For the testing data of each subset, eaclk dfained classifiers first assigns its
beliefs to four possible masses(6; ), m(62), m(61 U63), m(62Ub3), and then returns
the mass of the largest value as the most probable hypothlesig a given sensory
reading. Accordingly there aredifferent hypotheses from the corresponding number
of experts on a sensor report. We then compare the effeesanf five different rules
of combination — which rule is more effective than othersombining those different
hypotheses. The value bfis empirically determined in the next section.

Table 2: Per-activity contingency tablais true positivep is false negatives is false
negative, andl is true negative, respectively.

True
activity =1 activity =0
Output activity =1 a b
activity =0 ‘ c d

3.3 Experimental Results

Table 2 shows a contingency table. A contingency table i$ towieach of four masses
and used to quantify the performance of a rule of combinatter instance, suppose
we build a contingency table faleepactivity. ais true positive if a sensor repost;,
truly belongs tosleepactivity and is classified adeepactivity. c is false negative, i.e.
whereas the true activity sleep s; is classified as other activity (e.gvatch-ty. dis
true negative ik; truly belongs to other activity (e.gyatch-ty and is classified as that
activity (e.g. watch-ty. Finally bis false positive ifs; is classified asleepwhereas in
reality it iswatch-tv With these quantifiers, we utilize six different measuresrider
to detail the performance;

e Accuracyacc = 44—, if a + d > 0, otherwise undefined,

e Precisionp = if @ > 0, otherwise undefined,

_a_
a+b’

e Recall,r = #, if a > 0, otherwise undefined,

33 = v;, 5, 'UT whereX = USVT andk is the rank ofX.



o F1,f1 =22 — 2o if (a+b+c) > 0, otherwise undefined,

e Miss (or false negative)p = <, if ¢ > 0, otherwise undefined,

b

e False alarm (or false positive},= 377,

if b > 0, otherwise undefined.

The macro-average is used to measure global performaneedethere are four dif-
ferent human activities to recognize. The macro-averagsbiained by producing
per-activity performance measure first and then averapmgarresponding measures.
Table 3 shows the performance of rules of combination in oraserage.

Table 3: Experimental results are presented in macro-geevaer four different hu-
man activities. The values in bold face are the best for spording performance
measure. Due to limited space, the names of methods and ras@sa acronymized.
D is Dempster’s rule of combinatiolY,is Yager's,M is Murphy’s,DP is Dubois and
Prade’s,Sis Smet’s rule of combination. “Base” represents a baserieéhod that
simply adds the corresponding beliefs of multiple hypoithesd returns the largest
massp is precisiony is recall,mis miss, and is false alarm, respectively. The higher
the better in the precision, recall, and f1 measures whehealewer the better in the
miss and false alarm.

Base D Y M DP S

acc| 0.773 0.779 0.798 0.771 0.773 0.773
p | 0.661 0.542 0.581 0.669 0.659 0.659
r | 0516 0.536 0.567 0.514 0.515 0.515
fl | 0.449 0.477 0.564 0.455 0.447 0.447
m | 0.483 0.463 0.432 0.485 0.484 0.484
f | 0.151 0.144 0.135 0.153 0.152 0.152

The accuracy results were best Yager's, Dempster’s, iasgElubois and Prade’s,
Smet’s, and finally, Murphy’s. In general, the performanoeginot vary distinctively
because, for our task, no conflicts among hypotheses is gtrhappen. In other
words, there were always four focal points that our four raagse.m (61 ), m(02), m(61U
03), m(02 U 63)) are always greater than zero. This caused the modified ofilzsm-
bination to produce quite similar results to those of Demipst

Yager’s rule showed the best performance on all measureptefar the precision
because it uses the normalization factor for a discountietpf added to the weight
of ignorance. There is approximately 2.5% improvementead by Yager's rule of
combination over the base line method. This is quite sintiathat of Bi and his
colleagues’s finding that 3% improvement was obtained bybioimg heterogeneous
non-parametric classifiers [1]. Surprisingly the base [weeformed relatively well.
The precision of the base line method is actually better thanhof Yager's. However
Dempster’s rule of combination did not show a good resulabee primarily it com-
pletely ignores all the conflicts among hypotheses throhgmbrmalization factor. It
is interesting to observe that Murphy'’s rule showed competesults, even though it
is relatively simple to combine multiple hypotheses.
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Figure 1: ROC graphs of the six different rules of combirmat@me presented. x-axis

represents false positive rates and y-axis representpdsitve rates.

Figure 1 shows ROC (Receiver Operating Characteristiegtgs of the six differ-
ent methods. A ROC curve is used to depict the tradeoff betwee positive rates (or
hit rates) plotted on y-axis and false positive rates (®dallarm rates) on x-axis. A
point in ROC space is better than another if it is to the noetbiwi.e. true positive rate
is higher, false positive rate is lower. ROC graphs by DutBwede is almost identical
to that of Smets’ because for our application these two rdigsot produce differ-
ent results. In particular, a combined hypothesis aBpiy Dubois and Prade rule is
mi2 (6) = ZXﬂY:@l mi (X)mz(Y) + ZXUY:(%,XOY:(# mi (X)mg (Y) Since the
second termy_ vy g, xny—g M1 (X)ma(Y) is zero, the result by Dubois and Prade
rule is the same as that of Smet's rule2(0) = >y —p, m1(X)ma(Y), where
V(6; # ¢) € 2°. These identical results are also observed in table 3.

4 Related Work

The idea of combining multiple evidences (or hypotheses)ismonly accepted in the
fusion community since a decision made on the basis of thépteupieces of evidence
should be more effective than one based on single piece d¢eve.

Dempster’s rule of combination has been widely used to combiultiple source
of evidences. Girondel and his colleagues applied DemyS3$tafer theory to the task
of recognizing human body postures [3]. The task is to retzegone of four prede-
fined postures based on data about people 2D segmentatidimeanihce localization.
Dempster-Shafer theory is used to enhance limits of diffeciassifiers by combin-
ing their results. Wu and his colleagues utilized DempSteafer theory for fusing
sensor data in tracking a user’s focus of attention [13].rii his colleagues [1] inves-
tigate the usefulness of Dempster’s rule of combinationggregating four different
text classification methods; support vector machines,pamametridi-nearest neigh-
bors, parametri¢-nearest neighbors, and Rocchio methods. They found tees th
approximately 3% improvement achieved by combining mldtigassifiers over the
best individual method on average. Hu and Damper [4] praphadeeuristic based on
the weighted sum rule to improve the performance of spealantification task. In
particular, their method chose weighting parameters fassifiers that maximize the



correct identification estimation functions, assuming thare are multiple Gaussian
distributions behind the utterance generation procesasst and his colleagues re-
viewed several methods for combining pairwise classifierthe transferable belief
model (TBM) [7]. They found that the TBM is flexible in asseggthe validity of the
classifiers while fusing the results of multiple classifie@sarandache and Dezert re-
viewed 6 different rules of combination and compared thié@otiveness with a couple
of numerical examples [10]. However since their examplesiged for an illustrative
purpose, itis difficult to distinguish their possible di#ace in real-world applications.

5 Conclusions and Future Work

Inthis paper, we examined the performance of six rules(ufiolg the Dempster-Shafer
rule) of combination that have been proposed in the liteeata mitigate shortcom-
ings of the Dempster-Shafer rule of combination. We testedé rules on biometric
data obtained through sensor readings from different hsm#e measured the per-
formance of the different rules according to measures, aggirecision, and recall, as
well as by examining the ROC curves. Our results show thaéivagule outperformed
all others. The results of this study encourage the morespidad use of Yager's rule.

The Dempster-Shafer theory considers a static frame oédistent that is known
a priori. However, it may happen that all possible outconass®s are not known a
priori. In future work, we would like to develop a method tltan combine evidence
dynamically while refining the frame of discernment on the fly
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