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Abstract—In this paper, we consider the problem of evaluating the sim-
ilarity of two sets of linguistic summaries of sensor data. Huge amounts
of available data cause a dramatic need for summarization. In continuous
monitoring, it is useful to compare one time interval of data with another,
for example, to detect anomalies or to predict the onset of a change from
a normal state. Assuming that summaries capture the essence of the data,
it is sufficient to compare only those summaries, i.e., they are descriptive
features for recognition. In previous work, we developed a similarity mea-
sure between two individual summaries and proved that the associated
dissimilarity is a metric. Additionally, we proposed some basic methods to
combine these similarities into an aggregate value. Here, we develop a novel
parameter free method, which is based on fuzzy measures and integrals,
to fuse individual similarities that will produce a closeness measurement
between sets of summaries. We provide a case study from the eldercare do-
main where the goal is to compare different nighttime patterns for change
detection. The reasons for studying linguistic summaries for eldercare are
twofold: First, linguistic summaries are the natural communication tool
for health care providers in a decision support system, and second, due to
the extremely large volume of raw data, these summaries create compact
features for an automated reasoning for detection and prediction of health
changes as part of the decision support system.
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TABLE I
AMOUNT OF DATA LOGGED IN ONE APARTMENT AT TIGERPLACE IN A WEEK

Sensors Amount of weekly data in
one apartment

PIR motion plus bed sensor 0.2 GB
Doppler radar 1.0 GB
Hydraulic bed sensor 1.0 GB
Vision sensors (compressed silhouettes) 7.0 GB
Kinect depth imagery (compressed) 14 GB
Total 23.2 GB

I. INTRODUCTION

Evaluating similarity between two objects, properties, etc., is a very
common and important problem in automated decision making. Con-
sider, for example, the problem of evaluating similarity of the health-
related sensor time series in the context of eldercare. Elderly people
want to remain active and independent for as long as possible. To ful-
fill those needs, the concept of “aging in place” has been developed
and realized, for instance, in TigerPlace [1], which is an independent
living environment, in Columbia, MO. In TigerPlace, integrated sensor
networks have been installed in apartments of the residents, some for
many years [2]. They produce huge amounts of data. Table I displays
the volume of data captured by the sensor network in one apartment in
TigerPlace. It is impossible for health care providers to shift through
the sensor outputs, even with the graphical interfaces available. In ad-
dition, conditions, such as gait, are extracted features at different time
scales compared with say, motion and bed sensor data, and therefore,
some type of aggregation is necessary. Linguistic summarization pro-
vides a person-friendly mechanism to compact this mountain of data
into relevant reports about health conditions and changes of an elderly
resident. Additionally, given the sheer volume of data, reduced sets of
significant features must be generated to feed any automated decision
making process. In [3], we demonstrated that linguistic summaries are
meaningful condensations of large amounts of sensor readings for our
Nursing collaborators. Our hypothesis, then, is that these summaries
can and should be employed in pattern recognition approaches, such
as early illness detection.

Of course, there are many approaches to pattern recognition using
raw data, but linguistic summarization of those data seems to be a nat-
ural solution, since natural language is the only fully comprehensive
means of communication for humans. Several approaches of linguistic
summaries were proposed and investigated [4]–[12]. Using the format
proposed in [11], we generate protoform-based summaries for elder-
care health monitoring [3]. In particular, we construct a set of linguistic
summaries for every night for motion sensor firings within 15-min in-
tervals e.g., “many 15-min intervals have low restlessness” or “almost
all 15-min intervals of medium bedroom motion have medium restless-
ness.” Our aim is to find a method of comparison of those linguistic
descriptions with another set of linguistic summaries representing a
“typical night.”

In [13], we built a dissimilarity measure between individual proto-
form summaries, and proved that it is a metric over the space of such
summaries. In any real application, many such synopses will be pro-
duced in a given time frame, for example, nighttime activity in a senior’s
apartment. If we want to compare one night with the next to perform
change detection, or to compare one night with a set of “normal night”
summaries, we need the ability to aggregate the distances between the
almost assuredly unequal sets of summaries representing the two time
periods. It is not possible, therefore, to line up the distances in a vector
and do standard vector space comparisons. This seemingly simple oper-
ation is the key to utilization of this new people-friendly feature set for

pattern recognition. The individual distances are the building blocks,
but a good aggregation scheme that is sensitive to real health changes
but somewhat insensitive to minor fluctuations of activity patterns is
crucial.

In [14], we considered the “soft degree” of consensus between sets
of summaries. While that approach gave reasonable results, it is based
on defining a quantifier in the calculation, like “most summaries are
similar.” It would be advantageous to build a parameter free compar-
ison measure directly from individual distances. We had success in
comparing sets of ontology annotations for gene products within the
framework of fuzzy measure theory [15], and therefore, here, we pro-
pose a similarity measure of two sets of linguistic summaries that also
utilizes fuzzy measures. More on measure guided aggregation methods
can be found in [16]. The proposed methodology can be applied to a
wide range of time-series analysis problems, but we demonstrate its
efficacy for eldercare in this paper. This method of comparison can
distinguish abnormal nights from a typical one and can detect changes
in behavior of an elderly resident that may indicate a possible health
problem.

II. BACKGROUND

We are using the concept of linguistic protoform summaries that was
proposed in [11], [17], and [18]. A linguistic summary is a prototype
(template)-based quasi-natural language sentence of a simple form

Q y’s are P (1)

or in extended form
QR y’s are P (2)

where Q is a quantifier, P is a summarizer, R is a qualifier, and y’s
represent the objects that are summarized. In our task of elder activity
monitoring, the objects are 15-min intervals of a time series represent-
ing some sensor firings of nighttime activity of the resident. Examples
of quantifiers include most, many, almost all, etc.; summarizers can be
terms like high restlessness, low bedroom motion, and so on; in addi-
tion, qualifiers are used to restrict summaries to a subset of objects, for
example, in “almost all 15-min intervals of medium bedroom motion
have medium restlessness,” the phrase “of medium bedroom motion” is
the qualifier. For every summary, we calculate the truth value, which is
the basic criterion to evaluate the quality of the linguistic summaries.
Truth values for simple protoforms are defined by

T (Q y’s are P ) = μQ

(
1
n

n∑

i=1

μP (yi )

)

(3)

and for extended protoforms, including a qualifier, as

T (QR y’s are P ) = μQ

(∑n
i=1 μP (yi ) ∧ μR (yi )
∑n

i=1 μR (yi )

)

(4)

where n is the number of objects (yi ) that are summarized, and μP ,
μR , and μQ are the membership functions of the summarizer, qualifier,
and quantifier, respectively.

Another very useful quality criterion for a protoform summary is
the degree of focus. The essence of the degree of focus is to specify the
proportion of all objects satisfying property R. The role of the degree
of focus is similar to the concept of support in association rules in a data
mining context [19]. It provides a measure that, in addition to the basic
truth value, can help control the process of discarding nonpromising
linguistic summaries. Its calculation is given by

dfo c (QR y’s are P ) =
1
n

n∑

i=1

μR (yi ). (5)
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The degree of focus exists only for extended protoform summaries. We
set it to 1 for simple protoform linguistic summaries.

If the degree of focus is high, then we can be sure that such a summary
concerns many objects, and hence, it is more general. When the degree
of focus is low, such an abstraction describes a (local) pattern that
occurs infrequently. More about the linguistic summaries, their quality
evaluation, and methods for their generation can be found in [19].

In [13], we developed a similarity between the two linguistic sum-
maries that is calculated as

sim(Q1R1 y’s are P1 , Q2R2 y’s are P2 )

= min
(

min
(

a

b
,

∫
(μP 1 ∩ μP 2 )

∫
(μP 1 ∪ μP 2 )

)

min
(∫

(μR 1 ∩ μR 2 )
∫

(μR 1 ∪ μR 2 )
, 1 − |df oc1 − df oc2 |

)

∫
(μQ 1 ∩ μQ 2 )

∫
(μQ 1 ∪ μQ 2 )

, 1 − |T1 − T2 |
)

(6)

where a
b

is the Jaccard measure of the sets of attributes for the sum-
marizers P1 and P2 , i.e., a is the number of common attributes in
summarizers P1 and P2 , and b is the total number of attributes in P1

and P2 . In (6),
∫

(μP 1 ∩ μP 2 ) is the area of the intersection of the mem-
bership functions of fuzzy sets representing sets P1 and P2 . Note that
if the summarizers contain more than one attribute, such as low rest-
lessness and medium bedroom motion, we operate on their cylindrical
extensions [20]. Additionally, T1 and T2 are the truth values, and dfo c1

and dfo c2 are the degrees of focus of the summaries Q1R1 y’s are P1

and Q2R2 y’s are P2 , respectively. Hence, the similarity between two,
possibly extended, protoform summaries is generated as the minimum
of the agreement of the summarizers, the quantifiers, the truth values,
and if available, the qualifiers and their degrees of focus. The numeric
parts of the summaries are compared with the 1-norm and the fuzzy set
parts by the Jaccard measure [21].

We proved in [13] that the associated dissimilarity measure

d(Q1R1 y’s are P1 , Q2R2 y’s are P2 )

= 1 − sim(Q1R1 y’s are P1 , Q2R2 y’s are P2 )

is a metric over the space of protoform summaries. This distance
satisfies the properties of any metric (nonnegatitvity, identity of in-
discernibles, symmetry, and the triangle inequality). The main proof
utilizes results concerning Jaccard measures and Minkowski norms,
but a direct proof that it satisfies the triangle inequality is found in
[13, App.].

III. SIMILARITY OF SETS OF SUMMARIES WITH FUZZY MEASURES

Given two sets of linguistic summaries C1 = {S1
1 , S1

2 , . . . , S1
n }

and C2 = {S2
1 , S2

2 , . . . , S2
m }, we can now compute the pairwise sim-

ilarities between all members of C1 and C2 . Our proposed fusion
methodology for the sets is based on fuzzy measures. Let X =
{x1 , x2 , x3 , . . . , xn } be a finite set. A fuzzy measure [22] on X is
a function g : 2X → [0, 1] such that

1) g(�) = 0;
2) g(X) = 1;
3) if A ⊆ B, then g(A) ≤ g(B) ∀A, B ∈ 2X .
The measure g satisfies the λ-rule if and only if there exists

λ ∈ (−1,∞) such that g(E ∪ F ) = g(E) + g(F ) + λg(E) · g(F )
whenever E ∩ F �= �. Such a function g is called a λ-fuzzy measure
on 2X .

When g(X) =
∑n

i=1 g ({xi}), the parameter λ = 0; otherwise, λ
can be uniquely determined by the following equation [23]:

g(X) =
1
λ

[
n∏

i=1

(1 + λ · g ({xi})) − 1

]

. (7)

This equation comes directly from the λ-rule and the fact that X =
⋃n

i=1{xi}. The values {g({xi})|i = 1, 2, . . . , n} are called the fuzzy
densities of g, and they uniquely define the λ-measure.

In our context, the set X is a set of linguistic summaries C =
{S1 , S2 , . . . , Sn }. The densities that we choose for this application,
gλ(Si ) = (Ti · dfo c i )/n, are then used to compute the corresponding
λ-fuzzy measure. Note that if all degrees of truth and degrees of focus
are 1, then the densities add up to one, and λ = 0, generating a proba-
bility measure. Otherwise, as usually the case, several of the densities
will be less than 1/n, and therefore, their sum will be less than 1, pro-
ducing a λ that is bigger than 0. Intuitively, subsets of C that contain
summaries whose degrees of truth are close to 1 and whose foci include
most of the objects (degree of focus close to 1) have large measure.
Hence, those subsets are more important in describing the overall con-
dition under evaluation. Certainly, other choices of densities could be
made, but these are the natural values for protoform-based linguistic
summaries.

Now, suppose we have two sets of summaries C1 = {S1
1 , S1

2 , . . . ,
S1

n } and C2 = {S2
1 , S2

2 , . . . , S2
m }. Let T i

j be the truth value, and di
fo c j

be the degree of focus of the summary Si
j . We then compute two λ-

fuzzy measures, one over C1 and the other over C2 by defining the
densities

g1
λ(S1

i ) =
T 1

i · d1
fo c i

n
(8)

g2
λ(S2

i ) =
T 2

i · d2
fo c i

m
(9)

using (7) to calculate λ1 and λ2 , and, hence, the two fuzzy measures
g1 and g2 .

These fuzzy measures are used to compare the two sets of summaries.
For each α ∈ [0, 1], define sets

C1α =
{

S1
i ∈ C1 : min

j=1 , . . . ,m
d(S1

i , S2
j ) ≤ α

}

and

C2α =
{

S2
j ∈ C2 : min

i=1 , . . . ,n
d(S1

i , S2
j ) ≤ α

}

.

Here, C1α represents the set of summaries in C1 that are α-close
to some summary in C2 and conversely for C2α . The more “good”
summaries from a given set that have counterparts (small distances) in
the other set, the stronger similarity is between the sets.

Next, we define a fuzzy measure on C1 × C2 as the function g :
2C 1 × 2C 2 → [0, 1], such that if A ⊆ 2C 1 and B ⊆ 2C 2 , then

g(A, B) =
g1 (A) + g2 (B)

2
. (10)

Instead of averaging, any t-norm or s-norm may be used, providing a
different sense to the aggregation.

The function g is a fuzzy measure since
1) g(�,�) = 0;
2) g(X) = 1 because g(C1 , C2 ) = 1+1

2 = 1;
3) g is monotonic, because ∀A, B ⊆ 2C 1 × 2C 2 if A =

(A1 , A2 ) ⊆ B = (B1 , B2 ); then, A1 ⊆ B1 and A2 ⊆ B2 , and
hence, g(A) = g 1 (A 1 )+ g 2 (A 2 )

2 ≤ g 1 (B 1 )+ g 2 (B 2 )
2 = g(B).
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Fig. 1. Nighttime sensor firings for two types of sensors: bed restlessness and bedroom motion summed over each night for display.

We could just compute g(C1α , C2α ) for some α < 1 as the similarity
of the two sets of summaries, but that introduces a parameter that needs
to be determined. Instead, we define the similarity by integrating the
measures across all α.

Hence, we define the similarity of the two sets of protoform sum-
maries C1 and C2 as the Sugeno integral of the function f (x) = 1 − x
with respect to the measure g

simS (C1 , C2 ) = max
α∈[0 ,1]

(min(1 − α, g(C1α , C2α ))) . (11)

Note that the function to be integrated is obviously sorted in descending
order, and the measure is evaluated on the corresponding level set.

IV. EXAMPLE

As an example, we show real data from a resident’s apartment in
TigerPlace. Our data come from an almost 80 year old (in 2005) resident
who had a past history of syncope and bradycardia, with a pacemaker
placement in 2002. He suffered from stenosis of his carotid arteries,
hypertension, and probable transient ischemic attacks. He had a bypass
surgery [coronary artery bypass graft (CABG)] in December 2005 and
a stroke in December 2006.

Note that a basic tenet of our research in eldercare, which is contin-
ually reinforced by the Nursing component of our team, is that, while
there may be some common baselines, processing must be individual-
ized for the conditions of each resident. The overall goal of resident
monitoring is to perform change detection to signal the early onset of
health problems. Hence, the approach to compare summaries from one
time period with another certainly generalizes to other residents. In
fact, this framework is not restricted to our particular application. It is a
general method to create sets of human-centric features from complex
time series and to compare the different sets for overall changes in the
underlying conditions that generate the sensor readings.

a b c d

Fig. 2. Trapezoidal fuzzy membership function used in the numeric examples
denoted by Trap[a, b, c, d].

The time series analyzed here come from two sensors only: bed
restlessness and bedroom motion during the night (from 9 P.M. to
7 A.M.). They are plotted in Fig. 1. Some data are missing, like in
November 2005 or from mid November to mid December 2006. Notice
that in February 2006 as well as in January 2007, there are longer
periods with no restlessness sensor firings. Nursing care coordinators
determined that the resident did not sleep in bed during these times; in
fact, for some of these dates, he was not present either in the hospital
or staying with family. The motion sensor firings on those days could
be caused by housekeeping.

For every night, we generate a set of linguistic summaries of the
sensor firings in 15-min slots [13], [14].

All the linguistic values are modeled with trapezoidal membership
functions, since they are sufficient in most applications. Moreover, they
can be very easily interpreted and defined by a person not familiar with
fuzzy sets and fuzzy logic, for instance, a health care provider.

To represent a fuzzy set with a trapezoidal membership function,
we need to store four numbers: a, b, c, and d. An example of such a
function Trap[a, b, c, d] is shown in Fig. 2.

We use five linguistic quantifiers: almost all (Trap[0.9, 0.95, 1, 1]),
most (Trap[0.7, 0.8, 1, 1]), many (Trap[0.6, 0.7, 1, 1]), about a half
(Trap[0.3, 0.45, 0.55, 0.7]), and a few (Trap[0.1, 0.2, 0.3, 0.45]). To
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TABLE II
DISTANCE BETWEEN LINGUISTIC SUMMARIES FROM THE PROTOTYPES AND A

SINGLE NIGHT, JULY 30, 2006

p1 p2 p3 p4 p5 p6 p7

s1 1 1 1 0.96 0.1 0.96 1
s2 1 1 1 0.96 0.96 0 1
s3 0.12 0.93 0.96 0.96 1 1 0.99
s4 0.96 1 0.96 0.25 0.96 0.96 1
s5 0.99 1 1 1 1 1 0

describe motion and restlessness, we use three linguistic val-
ues: low (Trap[0, 0, 2, 5]), medium (Trap[2, 5, 12, 15]), and high
(Trap[12, 15, 50, 50]). After generating all possible linguistic sum-
maries, we include only those with truth value higher than 0.7 and
degree of focus higher than 0.1.

Every night is compared with a “prototype” set of summaries for this
resident representing a typical night from his stable time. A method to
automatically generate the prototypes was proposed in [24]. For this
resident, the prototypes were produced from linguistic summaries over
the period from May 11 to June 10, 2006 and consist of the following:

1) p1 : many 15-min intervals have low restlessness; T = 1.0 and
dfo c = 1.0;

2) p2 : most 15-min intervals of medium bedroom motion have
medium restlessness; T = 1.0 and dfo c = 0.12;

3) p3 : most 15-min intervals of low bedroom motion have low rest-
lessness; T = 0.96 and dfo c = 0.9;

4) p4 : many 15-min intervals have low restlessness and low bedroom
motion; T = 1.0 and dfo c = 1.0;

5) p5 : almost all 15-min intervals of low restlessness have low
bedroom motion; T = 1.0 and dfo c = 0.72;

6) p6 : most 15-min intervals have low bedroom motion; T = 1.0
and dfo c = 1.0;

7) p7 : a few 15-min intervals have medium restlessness; T = 1.0
and dfo c = 1.0.

We examine in detail the evaluation of similarity between prototype
summaries (set P ) and summaries from the night of July 30, 2006,
as well as from his stable time (set S). This night is described by the
following five linguistic summaries:

1) s1 : almost all 15-min intervals of low restlessness have low
bedroom motion; T = 1.0 and dfo c = 0.63;

2) s2 : most 15-min intervals have low bedroom motion; T = 1.0
and dfo c = 1.0;

3) s3 : many 15-min intervals have low restlessness; T = 0.88 and
dfo c = 1.0;

4) s4 : many 15-min intervals have low restlessness and low bedroom
motion; T = 0.75 and dfo c = 1.0;

5) s5 : a few 15-min intervals have medium restlessness; T = 1.0
and dfo c = 1.0.

For the set of summaries S, λS = 0.59, and for the set of prototypes
P , λP = 0.48. The distances between the individual summaries are
shown in Table II. Thus, for instance, Sα=0 = {s2 , s5}, Sα=0 .12 =
{s1 , s2 , s3 , s5}, and Pα=0 .25 = {p1 , p4 , p6 , p7}.

Fig. 3 depicts the measure g [see (10)] between set of prototypes P
and set of linguistic summaries S with respect to α.

The Sugeno integral in this case is equal to 0.75, which is a reason-
able value of similarity between these two sets of summaries since all
five summaries in S have close (or exact) counterparts in P , although
P contains two additional summaries.

Repeating those calculations for every night, we obtain the graph in
Fig. 4, which shows the fuzzy measure similarity between the prototype
set and summaries from each night during the investigated time.
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Fig. 3. Fuzzy measure g between prototype summaries and those of July 30,
2006 with respect to α. The Sugeno integral is the intersection of the fuzzy
measure curve and the function 1 − α.

We divided those similarities into three crisp categories: different
nights (with similarity value less than 0.5), a bit similar (with similarity
value between 0.5 and 0.7), and similar (with similarity value higher
than 0.7). In Fig. 5, we plotted those category assignments. We clearly
see that the nights after the CABG period are different from those in the
stable time. In addition, the nights after November 2006 start differing
more frequently from the normal and could indicate a future health
problem. In this retrospective case, we know that the “future” event
was a stroke.

As a comparison, we used the maximum and minimum similarity
between the groups of summaries as a method of aggregation. Neither
was able to capture the known conditions in our examples: The maxi-
mum almost always overestimated the similarity of the two sets (it just
needs one summary in each group that is the same), while minimum
underestimates for the opposite reason. The fuzzy measure/integral
method allows us to capture the richness of the two sets of summaries
and is insensitive to the fact that there are usually different numbers of
summaries in each group.

V. CONCLUDING REMARKS

Linguistic summaries are an excellent tool for human/machine inter-
faces. However, beyond that, linguistic summaries are compact feature
representations of large amounts of sensor data. In this paper, we have
considered a fuzzy measure-based similarity evaluation between the
sets of linguistic summaries as a basis for automated decision making.
The underpinning of the calculation is a distance metric between indi-
vidual fuzzy protoform summaries. The fuzzy measure similarity itself
could be used directly, but since the initial set similarity was a function
of a level cut, an aggregation operator was proposed: the Sugeno fuzzy
integral. We demonstrated the utility of our method in an eldercare
environment to distinguish between “good nights” and “bad nights”
for a resident, showing the potential for this method to detect patient
anomalies. Of course, there is much more to be done. Future work
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Fig. 4. Similarity between each night’s description and the prototype set.
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Fig. 5. Category assignment for summaries from each night as compared with the prototype set of summaries.

will include, for instance, incorporating other sensors, generating bet-
ter, more meaningful summaries for health care providers, automatic
anomaly detection, and temporal clustering for long-term monitoring.

Since the aggregation method turned out to be the Sugeno integral, it
opens the way to use automated techniques to learn the best measure
for particular questions about time-series similarities.
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time series using a fuzzy quantifier driven aggregation,” Fuzzy Sets Syst.,
vol. 159, no. 12, pp. 1485–1499, 2008.

[19] A. Wilbik, “Linguistic summaries of time series using fuzzy sets
and their application for performance analysis of investment funds,”
Ph.D. dissertation, Syst. Res. Inst., Polish Acad. Sci., Warsaw, Poland,
2010.

[20] G. J. Klir and B. Yuan, Eds., Fuzzy Stes and Fuzzy Logic, Theory and
Applications. Englewood Cliffs, NJ: Prentice–Hall, 1995.

[21] P. Jaccard, “The distribution of the flora in the alpine zone,” New Phytol-
ogist, vol. 11, no. 2, pp. 37–50, 1912.

[22] M. Grabisch, T. Murofushi, and M. Sugeno, Eds., Fuzzy Measures
and Integrals. Theory and Applications. Heidelberg, Germany: Physica
Verlag, 2000.

[23] M. Sugeno, “Theory of fuzzy integrals and applications,” Ph.D. disserta-
tion, Tokyo Inst. Technol., Tokyo, Japan, 1974.

[24] A. Wilbik, J. M. Keller, and J. C. Bezdek, “Generation of prototypes from
sets of linguistic summaries,” in Proc. IEEE World Congr. Comput. Intell.,
2012, pp. 472–479.


